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ABSTRACT 
This thesis presents three essays on the relation between firm efficiency and 
average stock returns on the Australian Securities Exchange (ASX). These studies 
provide insights into the channels through which operating efficiency affects stock 
returns. Moreover, the existence of firm efficiency effect is examined in conjunction 
with industry concentration and various limits-to-arbitrage to explore the driving 
forces behind this effect. 
The first essay investigates the relationship between firm efficiency and the 
cross-section of stock returns. Firm efficiency, which refers to how successfully an 
organization uses its resources to produce the optimal outputs, is estimated by applying 
the Stochastic Frontier Approach (SFA). The findings indicate that firm efficiency is 
negatively related to the cross-section of average stock returns. The average monthly 
excess returns decrease from INEFFICIENT firms to EFFICIENT firms for both 
equally-weighted and value-weighted portfolios. In addition, INEFFICIENT 
portfolios significantly outperform EFFICIENT portfolios after controlling for four 
different risk factors in the Carhart’s (1997) model. At the firm-level cross-sectional 
analysis, the firm efficiency effect remains significant after controlling for other firm 
characteristics which are commonly proved to be associated with average stock 
returns. Finally, conducting the common two-stage cross-sectional regression 
methodology, the findings of this essay indicate that firm efficiency is not a priced risk 
factor in the Australian market. 
The second essay examines the joint effect of industry concentration and firm 
efficiency on expected stock returns in the Australian market. First, this essay 
documents a positive relation between industry concentration and the cross-section of 
x 
 
average stock returns. The results are maintained for both individual firm-level returns 
and industry portfolio returns. The main finding of this essay is that industry 
concentration and firm efficiency independently affect stock returns. Utilizing 25 
double-sorted portfolios based on industry concentration and firm efficiency, the 
results show that INEFFICIENT firms in concentrated industry earn highest stock 
returns, while EFFICIENT firms in concentrated industry earn lowest stock returns. 
Moreover, industry concentration appears to affect firm’s market share more than firm 
earnings while efficiency effect is stronger for firm earnings. In the cross-sectional 
regressions, industry concentration shows a positive relationship with average stock 
returns both at firm-level and industry-level. Firm efficiency effect appears to be 
stronger at the firm-level regressions while industry concentration is more related to 
returns at the industry-level. This result suggests that efficiency is more likely a 
characteristic of a firm rather than of an industry. Second, the relation between industry 
concentration and firm efficiency is examined under a dynamic framework. The 
findings indicate that industry concentration and firm efficiency are not correlated with 
each other at the firm-level analysis. Nevertheless, at the industry-level analysis, the 
results show that industry with higher level of efficiency tends to become more 
concentrated in the subsequent year. 
The third essay examines the role of arbitrage costs in explaining the firm 
efficiency effect on the cross-section of stock returns. The results show that the power 
of firm efficiency in explaining the cross-section of stock returns is especially linked 
to idiosyncratic volatility (IVOL). Moreover, the efficiency anomaly is concentrated 
in firms with higher arbitrage costs (i.e., higher idiosyncratic volatility, higher 
illiquidity, higher frequency of daily zero returns, lower Price, and lower Volume). 
This essay provides some evidence that firm efficiency effect on stock returns is 
xi 
 
related to measures of transaction costs (such as Price and Volume). However, on the 
whole, the results show that idiosyncratic volatility appears to be the strongest 
indicator and acts as an important driver of the firm efficiency effect. Finally, the 
findings of this essay indicate that arbitrage costs are necessary for the firm efficiency 
effect to persist, consistent with the mispricing-based explanation for the effect.  
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CHAPTER 1: INTRODUCTION 
1.1 OBJECTIVES AND MOTIVATION 
The efficiency level of a firm is an important factor which determines its 
existence in the market place. During the financial crisis, efficient firms appeared to 
be more resilient to external shocks than their inefficient counterparts.1 The term “firm 
efficiency” refers to how successfully an organization uses its resources to produce the 
optimal outputs. This implies that the organization can achieve the maximum outputs 
with a given quantity and quality of inputs. The level of operating efficiency of a firm 
determines its cash flows, which in turn affects its rate of returns required by investors 
on the stock markets. Thus, firm efficiency, acting as an indicator of a firm’s 
performance, and its relation to expected stock returns would attract the attention of 
managers, shareholders, security analysts, and regulators on the stock exchange.  
This thesis investigates issues on the relationship between firm efficiency and 
average stock returns on the ASX. Particularly, this thesis presents three essays related 
to the firm efficiency effect on average stock returns. The first essay examines the 
relationship between firm efficiency and the cross-section of expected stock returns 
and explores the risk-based explanation for the firm efficiency effect. The motivation 
for this essay comes from the fact that more efficient firms tend to have larger market 
shares and higher profit margins which are considered to be a buffer for these firms 
during an economic downturn. Therefore, the efficiency level of a firm determines the 
riskiness of its cash flows, which in turn affects equity returns. Moreover, this essay 
                                                          
1 See, for instance, Carney and Gedajlovic (2001); Cucculelli and Marchionne (2012); Hüschelrath and 
Müller (2013).  
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tests whether firm efficiency is a priced risk factor in the Australian market. The 
second essay investigates the explanatory power of industry concentration on average 
stock returns in the Australian market over the 1995 – 2013 period. More importantly, 
this essay examines the joint effect of industry concentration and firm efficiency to 
test whether they are two independent determinants of stock returns. Given that the 
risk-based explanation cannot fully explain the stock return anomaly, the third essay 
explores the driving forces behind the firm efficiency effect. Specifically, the third 
essay analyses the role of arbitrage costs, such as idiosyncratic volatility and other 
proxies of transaction costs, in explaining the firm efficiency effect in the Australian 
market. 
While research on firm efficiency is extensively documented in economics, the 
role of firm efficiency itself in determining equity returns remains relatively 
unexplored. Therefore, this thesis aims to investigate associated issues on the 
relationship between firm efficiency and average stock returns in the Australian market 
context. One motivation for these studies is that the ASX, which is one of the top 10 
largest stock exchanges in the world, is growing quickly in both market capitalization 
and daily turnover.2 Thus, the constraints on data availability are gradually being 
overcome. Moreover, compared to the U.S. stock market, the Australian market is 
different in market structure, level of market capitalization, coverage, liquidity and 
depth. Hence, the findings on Australian firm efficiency provide further evidence and 
a broader picture for investors to make investment decisions. Another motivation for 
using the Australian data is that the regulatory restraint and competition environment 
in the Australian market is quite different from the U.S. one.  Thus, the ability to 
                                                          
2 Source: http://www.asx.com.au/about/history.htm 
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generate monopoly power in Australian firms is higher than that of their U.S. 
counterparts. In addition, the process of deregulation and globalization also affects the 
structure of product market which leads to changes in industry concentration and level 
of efficiency of Australian firms. Therefore, the results of these investigations in this 
thesis provide implications for the success of participants on the ASX. 
1.2 OVERVIEW OF THE STUDIES 
This thesis consists of three essays presented individually in Chapters 2, 3, and 4. Each 
chapter deals with separate research questions and thus the literature relevant to the 
research questions is discussed and reviewed separately within each chapter. Data with 
three levels of frequency including daily, monthly and yearly are utilized for the 
subsequent analysis. Throughout the thesis, the monthly stock returns of all ordinaries 
listed on the ASX between July 1996 and June 2013 are collected from Datastream. In 
addition, accounting and firm-specific data are collected annually at the end of each 
financial year for the period between 1995 and 2011 from Fin-analysis. In order to 
measure the proxies of arbitrage costs, the daily data of all ordinaries listed on the ASX 
are obtained from Datastream. They include daily share prices, daily total return index, 
and daily trading volume starting from 1 July 1995 to 30 June 2012. These daily data 
are used for calculating daily arbitrage cost measures. At the end of June of each year 
t from 1995 – 2012, these arbitrage cost measures are then merged with monthly stock 
returns and annual accounting data of firms for further analysis. 
Chapter 2 examines the relationship between firm efficiency and the cross-
section of stock returns, and explores whether the firm efficiency effect is a priced risk 
factor on the ASX. Firm efficiency scores are estimated using the Stochastic Frontier 
Approach (SFA) for all non-financial firms listed on the ASX. This chapter documents 
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a negative relation between firm efficiency and the cross-section of expected stock 
returns. Specifically, INEFFICIENT firms tend to outperform EFFICIENT firms for 
both equally-weighted and value-weighted portfolios sorted based on the efficiency 
score ranking. In the Carhart’s (1997) four-factor model, the regressions for the 
SPREAD portfolio, which takes a long position in the INEFFICIENT portfolio and a 
short position in the EFFICIENT portfolio, provide positive and significant alphas, 
further providing evidence that INEFFICIENT firms significantly outperform 
EFFICIENT firms. The firm efficiency effect remains significant even after other firm 
characteristics (e.g., Size and Book-to-Market) are taken into account. Finally, this 
chapter finds no evidence that firm efficiency is a priced risk factor in the Australian 
market. 
Chapter 3 investigates the explanatory power of industry concentration and the 
joint effect of industry concentration and firm efficiency on average stock returns in 
the Australian market. This chapter documents a positive relationship between 
industry concentration and average stock returns in the Australian market over the 
1995 – 2013 period. The average monthly returns for firms in the most concentrated 
industry outperform firms in the most competitive industry for both equally-weighted 
and value-weighted portfolios constructed based on an industry concentration measure 
(the Herfindahl index). Especially, this chapter proves that industry concentration and 
firm efficiency independently affect average stock returns both at firm-level and 
industry-level. The average returns vary across 25 double-sorted portfolios based on 
Herfindahl index and efficiency scores. The results in this chapter indicate that 
industry concentration appears to be more associated with market share than firm 
earnings, while the efficiency effect is stronger for firm earnings than for market share. 
Efficiency effect appears to have a strong negative relationship with average stock 
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returns at the firm-level regression while industry concentration is more related to 
returns at the industry-level. The dynamic relation between industry concentration and 
firm efficiency is examined using the vector autoregressive (VAR) procedure. At the 
firm-level VAR, the results show that industry concentration in the previous year is 
not correlated with firm efficiency in the present year, and vice versa. However, at the 
industry-level VAR, both industry concentration and firm efficiency seem to follow 
an AR(1) process. More importantly, industry with more EFFICIENT firms tends to 
become more concentrated in the subsequent year. 
Chapter 4 examines the role of arbitrage costs in explaining the firm efficiency 
effect on stock returns for all non-financial firms listed on the ASX. Within the sample, 
transaction costs and idiosyncratic volatility (IVOL) are relatively high, which 
foreshadows the role of these costs in deterring arbitrage activities in the Australian 
stock market. In addition, the results suggest that stocks with high (low) arbitrage costs 
are concentrated in INEFFICIENT (EFFICIENT) portfolios. Forming the double-
sorted portfolios based on firm efficiency and arbitrage cost measures, the efficiency 
anomalies are shown to be concentrated in firms with higher idiosyncratic volatility, 
higher illiquidity, higher frequency of daily zero returns, lower Price, and lower 
Volume. In the Fama and MacBeth (1973) cross-sectional regressions, there is some 
evidence that the firm efficiency effect on stock returns is related to Price and Volume 
where the coefficients on their interaction terms are statistically significant. However, 
the results indicate that only idiosyncratic volatility consistently exposes a link to the 
firm efficiency effect. Therefore, the findings of this chapter suggest that the efficiency 
premium between INEFFICIENT and EFFICIENT portfolios is in fact related to 
arbitrage costs, especially the idiosyncratic volatility, which is consistent with the 
mispricing-based explanation. 
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1.3 CONTRIBUTIONS 
This thesis examines the issues related to the firm efficiency effect on the cross-
section of average stock returns in the Australian market. More specifically, this thesis 
explores whether the firm efficiency effect is more consistent with a risk- or 
mispricing-based explanation. In addition, the firm efficiency effect is examined in 
conjunction with industry concentration to explore whether they are independent 
determinants of expected stock returns. This thesis makes a substantial contribution to 
the current literature in the following ways. 
First, this thesis contributes to the literature by providing evidence to support the 
existence of firm efficiency effect on average stock returns. While investigations on 
firm efficiency are extensively documented in economics, few studies explore the role 
of operating efficiency in the asset pricing area. To the best of my knowledge, Nguyen 
and Swanson (2009) and Frijns, Margaritis and Psillaki (2012) are the only two studies 
that examine the direct link between firm efficiency and stock returns for non-financial 
firms in the U.S. market. However, no study to date investigates the existence of the 
firm efficiency effect in Australian equities. Especially, this thesis applies the 
Stochastic Frontier Approach in estimating the efficiency scores which is considered 
to be a superior firm performance measure compared to the traditional financial ratios 
(see, for instance, Berger & Humphrey 1997; Bauer et al. 1998; Gaganis, Hasan & 
Pasiouras 2013). More importantly, this thesis is different from Nguyen and Swanson 
(2009) and Frijns et al. (2012) in using the common two-stage cross-sectional 
regression method to further investigate whether firm efficiency is a priced risk factor. 
This method is widely used and appropriate for asset pricing tests. The findings of this 
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thesis point out that although having robust relation with stock returns, firm efficiency 
is not a priced risk factor in the Australian market. 
Second, this thesis provides evidence on the relationship between industry 
concentration and average stock returns in the Australian market. This study differs 
from Gallagher, Ignatieva and McCulloch (2014) by using a more up-to-date and 
longer sample period (1995 – 2013) to test the effect of industry concentration on stock 
returns. The empirical results include equally-weighted and value-weighted portfolio 
returns tests as well as the Fama – MacBeth cross-sectional regressions. More 
importantly, this thesis differs from Hou and Robinson (2006) and Gallagher et al. 
(2014) by not only examining the effect of industry concentration but also exploring 
its joint effect with firm efficiency on stock returns using both industry-level and firm-
level analyses. The results, therefore, show how differently the two effects relate to the 
cross-section of stock returns. In doing so, this thesis contributes to the current debate 
regarding whether industry concentration and firm efficiency are two independent 
determinants of stock returns or whether these effects are merely due to the correlation 
between them. 
Third, this thesis analyses the relationship between industry concentration and 
firm efficiency following a dynamic framework. Specifically, the mutual effects 
among industry concentration, firm efficiency, profitability and stock returns over time 
are examined by using the vector autoregressive (VAR) procedure. Prior studies often 
rely on the Structure-Conduct-Performance (S/C/P) paradigm in industry organization 
literature (e.g., Bain 1954).  Based on this theoretical concept, they maintain that 
markets are static and competition is a state. Therefore, entry barriers are considered 
as essential determinants of firm profitability and stock returns in an industry. The 
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efficiency paradigm, on the other hand, suggests that markets are dynamic and 
competition is a process (e.g., Singleton 1986). By analysing the dynamic relationship 
between industry concentration and firm efficiency, this thesis contributes by 
disentangling and reconciling the difference between the S/C/P and efficiency 
paradigms. In fact, the results show that the correlation between industry concentration 
and firm efficiency can only be realized over time.  
Finally, this thesis contributes to the literature by examining the driving forces 
behind the firm efficiency effect. To the best of my knowledge, this is the first study 
to investigate the role of arbitrage costs in explaining the firm efficiency effect. 
Utilizing various measures of arbitrage costs, this thesis provides evidence that firm 
efficiency effect is explained by arbitrage costs, especially the idiosyncratic volatility. 
While transaction costs are well-known as limits-to-arbitrage, such investigation on 
holding costs (i.e., idiosyncratic volatility) is less voluminous and sometimes 
misunderstood. Therefore, this research contributes to the existing literature by 
showing that the role of idiosyncratic volatility is even greater than transaction costs 
in explaining the firm efficiency effect.  
Overall, this thesis provides a comprehensive explanation for the firm efficiency 
effect by examining its link to arbitrage costs as well as the time-series and cross-
sectional analysis on the efficiency risk factor loadings. In other words, both 
mispricing and risk-based explanations are employed to provide a better answer for 
the efficiency effect on stock returns. By doing so, this thesis has recognized and 
resolved the limitations of prior studies which often discriminate between the 
mispricing and risk-based explanation. 
9 
 
1.4 STRUCTURE OF THE THESIS 
The remainder of this thesis is structured as follows: Chapter 2 examines the 
relationship between firm efficiency and the cross-section of stock returns. Chapter 3 
investigates the joint effect of industry concentration and firm efficiency on expected 
stock returns. Chapter 4 discusses the role of arbitrage costs in explaining the firm 
efficiency effect on the cross-section of stock returns. Five measures of arbitrage costs 
are utilized in these analyses and the role of idiosyncratic volatility is especially 
focused upon. Chapter 5 summarizes the main findings and contributions, and suggests 
directions for future research. 
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CHAPTER 2: RELATIVE FIRM EFFICIENCY AND THE CROSS–SECTION 
OF STOCK RETURNS 
2.1 INTRODUCTION 
2.1.1 Purpose and Motivation 
This chapter examines the relationship between firm efficiency and the cross-
section of stock returns in the Australian stock market in the period between 1996 and 
2013. Firm efficiency refers to how successfully an organization uses its resources to 
produce optimal outputs.3 This implies that an organization can achieve maximum 
outputs with a given quantity and quality of inputs. Hence, it improves the 
organization’s firm value. This chapter aims to address the following two research 
questions. First, does firm efficiency explain the cross–section of stock returns in the 
Australian stock market? Second, is firm efficiency a priced risk factor in addition to 
the existing risk factors in the literature?4 
To address these two research questions, it is necessary to investigate the 
relationship between firm efficiency and expected stock returns, that is, the required 
rate of returns. According to Dilling-Hansen, Madsen and Smith (2003), a firm’s 
earnings capacity is an important factor that determines whether it can survive in the 
market place. However, a firm can achieve superior earnings ability if it has a high 
level of productivity or efficiency relative to other firms. The level of operating 
efficiency of a firm determines its cash flows, which in turn affects the firm’s expected 
                                                          
3 The term “firm efficiency”, known as non-allocative efficiency, was first posited by Leibenstein 
(1966). Since then, there have been both theoretical and empirical studies on different aspects of the 
efficiency of firms, banks and other institutions. 
4 Examples of these existing risk factors are Market (RM – RF), Size (SMB), Book-to-Market (HML) 
factors in Fama and French (1993), or Momentum (MOM) factor in Carhart (1997). 
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rate of return as required by investors on the stock markets. The required rate of return 
is essential in valuation, capital budgeting and in setting prices for capital market 
products. Investors usually expect a required return that is at least sufficient to allow 
them to invest in the firm. 
Due to the importance of firm efficiency, many previous studies have 
investigated different factors that affect productivity and firm efficiency levels, such 
as innovation (Leibenstein 1969), ownership (Jensen & Meckling 1976), competition 
(Hay & Liu 1997), and financial resources (Nickell, Nicolitsas & Dryden 1997). These 
studies focus on productivity and efficiency for the following reasons. First, the way a 
firm uses its resources determines its competitive advantage, and second, a firm’s 
growth ability is affected by how efficiently its resources are allocated (Majumdar 
1998). In addition, the better a firm’s financial performance is, the more successfully 
that firm adapts to the new market environment. However, the role of firm efficiency 
itself in determining a firm’s equity return remains relatively unexplored. 
Research in asset pricing is mostly based on the relationship between risk and 
returns (see, among others, Fama & French 1993; Vassalou & Xing 2004; Hou & 
Robinson 2006). The classical risk-return trade-off theory suggests that investors 
usually require higher returns for stocks with higher risk and lower returns for stocks 
with lower risk. Therefore, two risk-based channels can be used to explain the linkage 
between the level of firm efficiency and its required rate of return. The first channel is 
through distress risk. Firms generate their cash flows through day-to-day activities 
such as investing in various types of assets and/or financing for different projects. How 
efficiently those firms operate might affect the riskiness of their cash flows (Peltzman 
1977). If these decisions affect the firms’ cash flows, they will impact stock returns. 
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Efficient firms tend to have large profit margins, which are often used as a buffer for 
those firms during an economic downturn. Hence, they have lower distress risks. 
Therefore, investors expect lower returns for those firms (Fama & French 1995). The 
second channel is through the market power of a firm. Suggested by Demsetz (1973), 
firms gain market power through their high levels of operating efficiency. By reducing 
their production costs, firms can succeed in increasing their market share and hence 
improving their profits. This, in turn, protects those firms from aggregate demand 
shocks and responding to outside competition. Hence, the required returns for firms 
with a high level of efficiency will be lower than those for firms with a low level of 
efficiency.  
Although the relationship between firm efficiency and stock returns has been 
investigated in the U.S. market (e.g., Nguyen & Swanson 2009; Frijns et al. 2012), to 
my knowledge, no study has examined the effect of firm efficiency on stock returns 
for non-financial firms in the Australian market. Therefore, this study aims to fill the 
gap in the asset pricing literature. Nguyen and Swanson (2009) find a strong 
association between firm efficiency and U.S. stock returns. However, the U.S. stock 
market, which is known for its high level of market capitalization, coverage, liquidity 
and depth, is quite different from other countries’ markets. Since Australia has a 
different market structure from the U.S. market, it is necessary to explore whether the 
evidence from the Australian market is consistent with that of Nguyen and Swanson’s 
(2009) findings for the U.S. 
Another motivation for this study comes from the findings of Fama and French 
(1993) who posited several risk factors that can explain the variation in the cross-
section of stock returns besides the systematic risks. Generally, the unsystematic risks, 
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which affect a specific firm rather than the whole market, can be diversified away 
when investors allocate their money into a number of stocks in a portfolio. However, 
a number of previous studies have documented that firm characteristics such as Size 
and Book-to-Market are additional risk factors that lead to the cross-sectional variation 
in expected returns (see, among others, Fama & French 1993; Liew & Vassalou 2000; 
Brailsford, Gaunt & O’Brien 2012a). Hence, this study also investigates whether the 
firm efficiency effect is a priced risk factor that will contribute to the growing literature 
in this area. 
2.1.2 Main findings 
Applying the Stochastic Frontier Approach (SFA), efficiency estimates are 
obtained for all firms listed on the Australian Securities Exchange for the period 
between 1995 and 2011. These firm efficiency estimates are then matched with the 
monthly stock returns from July 1996 to June 2013. Both quintile equally-weighted 
and value-weighted portfolios are then constructed based on firm efficiency score 
rankings. The results show that excess returns of INEFFICIENT firms outperform 
EFFICIENT firms for both equally-weighted and value-weighted portfolios. The 
average monthly excess returns decrease monotonically from INEFFICIENT to 
EFFICIENT equally-weighted portfolios, but do not monotonically decrease in value-
weighted portfolios. 
In the Carhart’s (1997) four-factor model, all quintile portfolios, which are sorted 
based on efficiency scores, do not show abnormal returns compared to the four-factor 
benchmark portfolio. In addition, the regressions for the SPREAD portfolio, which 
takes a long position in the INEFFICIENT portfolio and a short position in the 
EFFICIENT portfolio, provide positive and significant alphas, indicating that 
14 
 
INEFFICIENT firms significantly outperform EFFICIENT firms, even after 
controlling for the four different risk factors. 
Furthermore, firm efficiency is proved to have significant power in explaining 
the cross-section of stock returns. The efficiency effect is found to be stronger than the 
Size effect in these Fama and MacBeth (1973) cross-sectional regressions. The firm 
efficiency effect remains significant even after other firm characteristics (e.g., Size and 
Book-to-Market) are taken into account during the period 1996 to 2013. 
In the two-stage cross-sectional regressions, the loading on efficiency factor 
(EFFfactor)5 is statistically insignificant, suggesting that firm efficiency is not a priced 
risk factor in the Australian market. These findings, therefore, suggest that the 
efficiency effect on expected stock returns is more likely due to mispricing. 
2.1.3 Outline of the chapter 
The rest of this chapter is organized as follows. Section 2.2 provides a review of 
the current literature and development of hypotheses. Section 2.3 describes the data 
utilized for investigating the relationship between firm efficiency and stock returns. 
Section 2.4 explains the research methodology and Section 2.5 discusses the results 
and implications of the findings. Section 2.6 concludes this chapter. 
2.2 LITERATURE REVIEW AND HYPOTHESES DEVELOPMENT 
2.2.1 Definition and importance of firm efficiency  
 
                                                          
5 Efficiency factor is the proposed risk factor in the asset pricing tests of this chapter which is a factor-
mimicking portfolio based on firm efficiency. 
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Although the notion of efficiency is simple and intuitive at first glance, there are 
actually many different ways to conceptualize efficiency. The term “firm efficiency” 
is generally understood as a firm’s ability to transform inputs into outputs. Farrell 
(1957) notes that the efficiency of a firm consists of two components, technical 
efficiency and allocative efficiency. The term “technical efficiency”, which reflects 
the ability of a firm to produce an optimal output from a given set of physical inputs 
(such as labour and equipment), is most commonly used in the literature. Technical 
efficiency can be affected by management styles and operational activities. 
Another form of efficiency that is used in the literature is “allocative efficiency”, 
which requires the inputs to be chosen at optimal prices and proportion to minimize 
the production costs when an organization has already been considered to be fully 
technically efficient. Therefore, an organization that is technically efficient could still 
have allocative inefficiency if it does not achieve its goal in minimizing its costs for a 
given set of input prices. 
The combination of technical efficiency and allocative efficiency is known as 
cost efficiency or total economic efficiency. As cost efficiency is calculated by 
multiplying the technical efficiency scores by the allocative efficiency scores, an 
organization can only be cost efficient if it achieves both technical and allocative 
efficiency.  
While investigations on firm efficiency are extensively documented in 
economics, the role of firm efficiency itself is relatively unexplored in asset pricing 
studies.6 The majority of prior studies on efficiency are in the banking area except for 
                                                          
6 Throughout the thesis, the term “firm efficiency” refers to non-allocative efficiency (or technical 
efficiency) which is the operating efficiency measured by the SFA method. 
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a study by Hunt-McCool, Koh and Francis (1996) on pricing efficiency in the IPO 
market.7 Recently, Nguyen and Swanson (2009) investigated the role of firm 
efficiency on stock returns in the U.S. market. They argue that two firms with similar 
characteristics facing the same conditions should have the same firm values. That is, 
one firm being priced higher (or lower) relative to the other firm can be considered as 
a more (or less) efficient firm. In another recent study, Frijns et al. (2012) show that 
an efficiently operating firm is usually priced higher by investors than an inefficiently 
operating firm because it makes better use of its resources and is likely to have lower 
default risk. Furthermore, investors cannot easily diversify the risks of inefficient firms 
or consider them as systematic risks. Therefore, it is expected that firm efficiency plays 
an important role in explaining the cross-section of stock returns.  
The firm efficiency level can be affected by different factors both in the long-
term and the short-term. Hay and Liu (1997) contend that the level of efficiency of a 
firm can decide its market share and earnings. Conversely, these factors are also 
incentives for a firm to become more efficient. Nonetheless, the levels of competition 
in an industry considerably affect this relationship. In the long run, a firm can improve 
its efficiency and performance (larger market share and higher profitability) by 
investment. However, by improving its managerial ability to overcome difficulties 
during an economic downturn, a firm can also enhance its efficiency in the short-term. 
Other factors that affect firm efficiency include R&D activities, ownership structure 
and financial situation (Dilling–Hansen et al. 2003).  
                                                          
7 See, among others, Berger and Humphrey (1992); Worthington (2000); Barr et al. (2002); Kirkwood 
and Nahm (2006); Shamsuddin and Xiang (2012). 
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2.2.2 The relationship between firm efficiency and expected stock returns: 
Hypotheses development 
To some extent, relative technical efficiency and stock market returns are 
naturally linked to each other as they are measures of firm performance. While relative 
technical efficiency evaluates a firm’s ability in producing optimal outputs with a 
certain amount of inputs, stock returns reflect a firm’s intrinsic value. Specifically, 
managers try to maximize a firm’s stock prices which are determined by the discounted 
present value of the firm’s cash flows. Thus, a firm’s profitability and stock price are 
intrinsically linked to a certain degree. Profitability, in turn, is partly determined by 
how efficiently a firm uses its current technology and machinery in its chosen projects 
(Alam & Sickles 1998).  
From a theoretical perspective, the difference between a firm’s true value and its 
expected optimal value is identified as the inefficiency which is caused by agency costs 
or financial distresses (Habib & Ljungqvist 2005). Therefore, firm efficiency can be 
written as a function of the firm’s earnings and its required rate of returns, which is 
used to discount the future earnings and estimate the firm’s present values. It can be 
predicted that a firm with high inefficiency will have high required rates of return as 
compensation for the risks that the firm has to face. Empirical analysis of the role of 
firm efficiency on the stock price performance generally provides support for 
theoretical predictions. Using the SFA in measuring firm efficiency, Nguyen and 
Swanson (2009) show that a portfolio composed of inefficient firms significantly 
outperforms a portfolio composed of efficient firms, even after adjusting for firm 
characteristics and risk factors, suggesting a return premium required by investors for 
investing in inefficient firms in the U.S. market.  
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 Although the studies of a direct link between firm efficiency and stock returns 
are relatively few (see, Nguyen & Swanson 2009; Frijns et al. 2012), the relationship 
between these two firm performance measures (relative technical efficiency and stock 
market returns) has been established in corporate finance literature. For example, El 
Ghoul et al. (2011) contend that firms with higher corporate social responsibility 
(CSR) scores have a significantly lower cost of equity, which in turn reflects the 
efficiency gains of a firm. Applying different methods to measure ex-ante a firm’s cost 
of equity in the U.S., El Ghoul et al. (2011) maintain that corporate activities are 
designed to improve their products, their responsibilities to the employees, the 
environment, and the whole community, and will help to reduce the firm’s cost of 
equity considerably. In addition, Stuebs and Sun (2009) provide evidence for a positive 
relationship between CSR and efficiency when they investigate the U.S. business 
industry during the period 2005 – 2007. Following these arguments, a negative 
relationship between firm efficiency and cost of equity or expected stock returns can 
be hypothesized. 
Corporate governance, a set of mechanisms that stimulates a firm’s managers to 
implement their tasks in order to bring the maximum benefits to the company’s 
shareholders, can also be used to link firm efficiency and expected stock returns (Denis 
& McConnell 2003). Researchers have recently become more and more interested in 
examining the effect of corporate governance on firm performance by using technical 
efficiency as a measure that evaluates how efficiently an organization operates to 
produce outputs. By measuring the efficiency of manufacturing firms in sixteen 
countries, Nanka-Bruce (2011) maintains that the number of insider shareholders and 
the Size of management boards in a firm have a negative relationship with firm 
operating efficiency. Specifically, a firm can improve its technical efficiency by 
19 
 
expanding its external shareholders and reducing the Size of director boards. In other 
words, more effective management of a firm will enhance its efficiency. In a recent 
study, Drobetz, Schillhofer and Zimmermann (2004) posited that better corporate 
governance will increase the value of public firms in Germany. Using dividend yield 
as a proxy for a firm’s cost of equity, they showed a negative relationship between 
expected stock returns and corporate governance. Specifically, Drobetz et al. (2004) 
show that the abnormal return between high corporate governance rating (CGR) firms 
and low-CGR firms is, on average, 12% per annum. Similarly, Bauer, Guenster and 
Otten (2004) provide evidence on a negative relationship between corporate 
governance and equity returns, and firm value, as well as earnings in the U.K. and 
Eurozone markets. This evidence also predicts a negative relationship between firm 
efficiency and equity returns. 
The term productivity is often used interchangeably with firm efficiency because 
these concepts both describe the ability of a firm to transform its inputs to outputs 
(Dilling–Hansen et al. 2003). More efficient firms, which have relatively lower 
production costs than other firms in the same industry, usually do a better job than 
others, hence, they are considered more productive. Baily et al. (1990) argue that the 
productivity growth rate of a firm has an important impact on its profitability, both in 
the short and long run. As a result, the changes in a firm’s productivity are likely to be 
positively correlated with changes in stock prices. Similarly, Henry (2003) argues that 
productivity growth will increase during the liberalization process of the stock markets 
in developing countries as there is an increase in the allocative efficiency of domestic 
investment. Moreover, Henry (2003) also finds that a firm’s cost of equity falls during 
this process and investment will increase. Therefore, it is expected that changes of 
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allocative efficiency and a firm’s cost of equity would go in opposite directions in the 
liberalization process. 
Based on the above discussion, the following hypothesis regarding the 
relationship between firm efficiency and stock returns is suggested: 
Hypothesis 2.1 (H2.1): Firm efficiency is negatively related to stock returns. 
In other words, it is expected that firms with high levels of efficiency (high 
efficiency scores) earn lower returns than firms with low levels of efficiency (low 
efficiency scores). Therefore, the INEFFICIENT portfolio outperforms the 
EFFICIENT portfolio. 
Prior studies (see, for instance, Cochrane 2005; Petkova 2006; Core et al. 2008; 
Gray & Johnson 2011) contend that if a proposed risk factor is priced, it should be 
incorporated into the rational asset pricing model. In other words, this factor captures 
the common variation in expected returns and carries a risk premium on the factor 
loading. In line with these arguments, the hypothesis for the second research question 
is formed as follows: 
Hypothesis 2.2 (H2.2): There is a positive return premium on the Efficiency factor.8 
2.2.3 Measurement of firm efficiency – The Stochastic Frontier Approach  
Measuring firm efficiency is, however, a challenging task as there are different 
methods and implications for the efficiency scores of a firm. Anderson, Lewis and 
Springer (2000) review the four methods that are generally used in the literature to 
                                                          
8 Efficiency factor is the proposed risk factor in the asset pricing tests of this chapter which is a factor-
mimicking portfolio based on firm efficiency. 
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estimate operating efficiency, namely, data envelopment analysis (DEA), stochastic 
frontier analysis (SFA), the distribution-free approach (DFA), and the thick frontier 
method. Among the above methods, the DEA and the SFA are widely used in the 
literature to estimate firm efficiency. Each method has its own advantages and 
disadvantages. These methods are briefly discussed below. 
Firstly, the DEA is a linear programming technique that evaluates the 
performance of each firm with regard to an efficient frontier (Coelli et al. 2005). The 
DEA combines firms in a sample to create a benchmark efficient frontier. The DEA is 
able to handle a large amount of inputs and outputs but it cannot separate the random 
error component from the inefficiency measure. Thus, all deviations from the efficient 
frontier are assumed to arise from inefficiency. It means that a firm is being compared 
to its peers rather than to an optimal firm. As the DEA is a non-parametric approach, 
hypothesis testing is sometimes difficult to carry out and the statistical results are also 
sensitive to outliers, which might lead to incorrect conclusions (Anderson et al. 2000).  
The SFA, on the other hand, employs an econometric technique that deals with 
some of the limitations of the DEA. The SFA was first introduced by Aigner, Lovell 
and Schmidt (1977) and Meeusen and van den Broeck (1977). In their SFA model, the 
normal residual is broken down into two components: the random error and the 
managerial inefficiency. This is known as an important advancement of the SFA in 
reducing the bias when compared to other methods that rely on a single error term. 
Moreover, more precise parameter estimates can be obtained by using more restrictive 
models. However, over-restrictive functional forms might reduce the flexibility in 
choosing a model for more sophisticated analysis (Bauer 1990).  
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Based on the above discussion, the SFA seems to have better power properties 
in explaining the efficiency. The following paragraphs discuss the SFA method in 
measuring firm efficiency in more detail. 
An efficient firm makes optimal use of its resources to produce an output Y*. 
For a given set of inputs, some firms may be less successful than others and obtain a 
production level Y, which is less than Y*. Thus, a more efficient firm will be closer to 
the frontier as it has better managerial and operational practices (Habib & Ljungqvist 
2005). 
The stochastic frontier method is used to construct a hypothetical benchmark 
(Y*) that a firm could obtain if it matches the optimal production level. A firm’s 
shortfall from the benchmark frontier (Y*) is regarded as firm inefficiency. The firms’ 
characteristics and opportunity sets are held constant when the benchmark frontier is 
formed to avoid an unequal comparison between these firms. 
The SFA is widely used in economic studies of productivity and technical 
efficiency but its applications in finance are relatively new. Stochastic frontier models 
use the function as in (1): ݕ௜ ൌ σ ߚ௜ݔ௜௞௜ୀଵ ൅ ߝ௜, where yi is the log of the output and xi 
is the log of input i but also contains other relevant factors affecting yi. The SFA 
captures the asymmetry in the distribution of firms adding a one-sided error term 
together with the conventional two-sided error term used in Ordinary Least Squares 
(OLS). The specification of the residual (εi) now will have the following form (2): εi 
= vi – ui, where vi is distributed N(0,σv2), and ui is a non-negative component and half-
normally distributed N(0+,σu2). The non-negative component ui is introduced by 
Meeusen and van den Broeck (1977) as a measure of inefficiency. If the stochastic 
frontier model is significant, the technical efficiency is achieved by taking the 
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transformation exp(-ui) of the inefficiency component ui for each firm in (2). The 
technical efficiency values are lying between zero and one; hence, an efficient firm 
has the value of one. 
In a recent study, Habib and Ljungqvist (2005) apply the SFA to estimate firm 
efficiency. They argue that the shortfalls (u) from the frontier or the inefficiency 
components are caused by agency costs. Their results show that firms lose about 16% 
of their potential value due to these inefficiencies in the sample. This evidence suggests 
that the shortfalls (u) from the frontier or the inefficiency components have a 
connection with the incentive schemes for the management board of a firm. More 
related to this approach, Nguyen and Swanson (2009) utilize the SFA to measure firm 
efficiency in the U.S. stock market during the period from 1980 to 2002.  
In their SFA models, Habib and Ljungqvist (2005) as well as Nguyen and 
Swanson (2009) use Tobin’s Q as a proxy for firm value or the only output which is 
consistent with Morck, Shleifer and Vishny (1988). In their study, Morck et al. (1988) 
provide evidence that Tobin’s Q, which is used as a proxy for firm value, is positively 
related to managerial stockholdings. In line with this, Palia and Lichtenberge (1999) 
point out that a firm’s managerial ownership varies in the same direction with their 
productivity. In addition, they find that a firm can achieve an increase in its market 
value as a result of its increase in productivity level. Under the theories of Jensen and 
Meckling (1976) and Brealey, Leland and Pyle (1977), more managerial ownership 
leads to a higher market value of the firm. Similarly, Demerjian, Lev and McVay 
(2012) also suggest an important relationship between managerial ability and other 
crucial properties such as stock price movement, incentive schemes and investing 
activities. Moreover, firm efficiency measured by the frontier approach is better than 
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other operation measurement techniques in estimating the response of stock price to 
managerial turnover. 
While other studies commonly use the DEA to measure bank efficiency, 
Shamsuddin and Xiang (2012) apply the SFA to examine the technical, cost and profit 
efficiency of listed banks in Australia during the period 1985 – 2008. They find that 
the Australian banks exhibit a high level of cost and profit efficiency but a low level 
of technical efficiency. Their empirical results indicate that the technical efficiency 
level of the big four banks is lower than other regional banks, but the cost efficiency 
of these banks is higher and they achieve almost the same level of profit efficiency as 
the regional ones. This implies that the market power of a bank does not guarantee its 
domination in terms of efficiency. Employing a fixed effect model, Shamsuddin and 
Xiang (2012) find that there is a positive relationship between technical, cost, and 
profit efficiency and stock returns in banking services. This suggests that shareholders 
can set a goal to increase a bank’s assets by improving its level of efficiency. 
2.3 DATA 
The data sample of this study includes all ordinaries on the ASX for the period 
between 1995 and 2013.9 The financial data for companies includes the period 1995 
to 2011, while the data for stock returns are from July 1996 to June 2013. The 3-month 
Australian Treasury Bill rate is used as the risk-free rate of return. 
Two different data sets are used for the investigation of firm efficiency and stock 
returns. The first dataset includes the monthly returns (comprising dividends and 
                                                          
9 Since a complete dataset of accounting data was not available until late 1990s, asset pricing studies in 
Australia have a shorter sample period relative to the U.S. ones. 
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capital gains, with the appropriate adjustments for capital changes such as splits and 
stock dividends) of common stocks traded on the Australian Securities Exchange. 
Monthly stock returns are collected from Datastream for the period from July 1996 to 
June 2013. The second dataset is company financial data. All the accounting and firm-
specific data are obtained from Fin-analysis. This comprises data related to variables 
on accounting and firm-specific characteristics such as: Firm Size (defined as annual 
market value of equity, which is calculated as share price multiplied by the number of 
ordinary shares in issue), Book-to-Market ratio (calculated by dividing book equity by 
market equity, which is stock price times shares outstanding at fiscal year-end), 
Operating Revenues, Total Assets, Long-Term Debt, Property, Plant and Equipment, 
Earnings before interest, taxes, depreciation and amortization (EBITDA), and Capital 
Expenditures. 
Firms are selected for the sample based on the following criteria. First, firms 
must have stock prices for the period from July of year t to June of year t + 1 and 
accounting information for the fiscal year t – 1. Second, firms with negative book 
equity must be deleted each year in which they are recorded. Furthermore, all financial 
firms are excluded from the sample because accounting information for those firms is 
not directly comparable to that of non-financial firms. To avoid survival bias, firms 
must have accounting data for two years or more. Monthly stock returns from July of 
year t to June of year t + 1 are matched with the accounting data of a firm at the end 
of fiscal year t – 1 to ensure accounting information is reflected in stock prices, as 
proposed by Fama and French (1992). 
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2.4 RESEARCH METHODOLOGY 
2.4.1 Measuring firm efficiency by applying the Stochastic Frontier 
Approach 
In line with Habib and Ljungqvist (2005) as well as Nguyen and Swanson 
(2009), the SFA is applied to measure relative efficiency for all firms in the sample 
every year. In this approach, a stochastic frontier needs to be constructed as a 
benchmark for all firms in the sample to decide their efficiency scores. Following 
theory and previous empirical research, Tobin’s Q or the Market-to-Book ratio, which 
proxies for firm value, is chosen as the firm output in the estimation. Other firm 
characteristics and opportunity sets such as firm leverage, firm fixed assets, firm 
profitability and investment opportunities are used as firm inputs. Accordingly, these 
firm characteristics are measured by Long-Term Debt/Total Assets, Property, Plant 
and Equipment/Total Assets, Earnings Before Interest, Taxes, Depreciation And 
Amortization scaled by Total Assets (EBITDA/Total Assets), and Capital Expenditure 
scaled by Operating Revenue (CAPEX/Operating Revenues) following Nguyen and 
Swanson (2009). 
Firm value, which is represented by Tobin’s Q or the Market-to-Book ratio, will 
be a function of firm characteristics or inputs (X); hence, Q can be written as Q = f(X) 
or Qi = f(Xi,β) + εi . However, one advantage of the SFA is that the shortfall from the 
frontier or the inefficiency component (ui) can be distinguished from the random error 
(vi) in the composite error term, εi = vi – ui. Therefore, the stochastic frontier function 
has the following form: 
ܳ௜ ൌ ݂ሺܺ௜ǡ ߚሻ ൅ݒ௜ െ ݑ௜ (2.1) 
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where Xi is the input variable; εi is the composite error term which can be decomposed 
into two components: the standard two-sided white noise error (vi) normally distributed 
N(0, ߪ௩ଶ) and the systematic inefficiency component (ui) half-normally distributed 
N(Ͳାǡ ߪ௨ଶሻ; cov(ui,vi) is assumed to be zero and ߪଶ ൌ ߪ௩ଶ ൅ ߪ௨ଶ.  
Following Nguyen and Swanson (2009), a log transformation is applied to 
change the production function into a linear model. This method also helps to reduce 
the skewness in the data sample as well as to normalize the variables. Industry dummy 
variables are used to control for industry effects. For the Australian market, nine 
different industry sectors according to the Australian GICS industry sectors (ASX 
defined) are selected, as the financial sector has been excluded. Therefore, the equation 
(2.1) can be written as follows: 
Ln(Market_Equityi) = β0 + φij + β1Ln(Book_Equityi)  
            + β2(Long_Term_Debti/Total_Assetsi) 
            + β3(CAPEXi/Operating_Revenuesi) 
            + β4(Property_Plant_And_Equipmenti/Total_Assetsi) 
            + β5(EBITDAi/Total_Assetsi) + vi – ui   (2.2) 
where φij is a dummy variable that proxies for firm i’s industry sector j according to 
the Global Industry Classification Standard (GICS); vi is the standard two-sided white 
noise error, and ui is the proxy for systematic inefficiency and is a non-negative 
random variable. For the Australian stock market, nine industry sectors are selected 
and, therefore, nine industry dummy variables are used. Other variables can be 
explained as follows: Ln(Market_Equityi) and Ln(Book_Equityi) are obtained from the 
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log transformation of the Market-to-Book ratio for firm i; 
Long_Term_Debti/Total_Assetsi represents firm leverage of firm i; CAPEXi/ 
Operating_Revenuesi is the ratio of firm capital expenditure scaled by operating 
revenues, presenting investment opportunities of firm i; 
Property_Plant_And_Equipmenti/ Total_Assetsi proxies for the fixed assets of firm i; 
and EBITDAi/Total_Assetsi is the ratio of operating profits scaled by total assets, acting 
as a proxy for firm profitability.10 
In July of each year t, the frontier is constructed and an efficiency score for each 
firm is obtained. Specifically, the efficiency score for firm i is the output of firm i 
relative to the output that could be produced by a fully-efficient firm using the same 
input vector. 
ܧܨܨ௜௧ ൌ
ܧሺܳ௜௧ȁݑ௜௧ǡ ܺ௜௧ሻ
ܧሺܳ௜௧כ ȁሺݑ௜௧ ൌ Ͳሻǡ ܺ௜௧ሻሺʹǤ͵ሻ 
where EFFit is the efficiency score of firm i in year t, which takes a value between 0 
and 1; ܳ௜௧כ  is the maximum value of firm i in year t when there is no or minimum 
inefficiency (ui=0); Qit is the actual value of firm i in year t with the input vector Xi 
and parameter estimate vector βi. 
Following firm productivity and efficiency literature, this ratio is denoted as the 
efficiency score of firm i at time t; more efficient firms will have higher efficiency 
                                                          
10 According to Ross et al. (2013), firms with a relatively heavy investment in plant and equipment will 
have a relatively high degree of operating leverage. However, Nguyen and Swanson (2009) contend 
that the relationship between operating leverage and firm value or firm efficiency is ambiguous, 
consistent with previous literature (see, for example, Qi, Wu & Zhang 2000; Sun & Tong 2003; Zou & 
Adams 2008). Specifically, firms with more fixed assets might be worth more, they also incur higher 
operating leverage which make the firms riskier. Therefore, it can be said that the relation between firm 
efficiency and operating leverage depends on a firm’s operating situation. 
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scores. For example, a firm with an efficiency score of 0.75 means that the firm has 
achieved 75% of the performance in comparison to its optimal value. 
2.4.2 Return comparison regressions 
After having obtained the efficiency scores for all firms at the end of each year 
t, the Fama and French (1993) and Carhart (1997) four-factor models are applied to 
test whether there is a difference in the performance between EFFICIENT and 
INEFFICIENT portfolios. In July of each year t from 1996 to 2012, all stocks in the 
sample are ranked by their efficiency scores and sorted into quintiles. Firms with the 
lowest efficiency scores are allocated into quintile 1 (INEFFICIENT portfolio), while 
firms with the highest efficiency scores are allocated into quintile 5 (EFFICIENT 
portfolio). The monthly returns of each portfolio are calculated for the period from 
July of year t to June of year t + 1. The efficiency scores used to form quintile portfolios 
are recomputed each year. Thus, all portfolios are rebalanced every year. The four-
factor model can be estimated as follows: 
ݎ௣ǡ௧ െ ݎ௙ǡ௧ ൌ ߙ ൅ ߣଵ൫ݎ௠ǡ௧ െ ݎ௙ǡ௧൯ ൅ ߣଶሺܵܯܤ௧ሻ ൅ ߣଷሺܪܯܮ௧ሻ ൅ ߣସሺܯܱܯ௧ሻ ൅ ߝ௣ǡ௧
 (2.4) 
where rp,t is the return of portfolio p on month t, rf,t is the risk-free rate in month t; rm,t 
captures the return on market in month t; SMB is the Size premium; HML is the value 
premium; and MOM is the momentum factor.  
To determine whether a portfolio performs better than the benchmark portfolio, 
Jensen’s alphas generated from the four-factor models are investigated. If αi is 
significantly positive (negative), it means that the portfolio significantly outperforms 
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(underperforms) the benchmark portfolio. If the Jensen’s α is statistically insignificant, 
there is no abnormal return earned for these portfolios. 
The SMB, HML and MOM factors for the Australian market are constructed 
following the same approaches as in Fama and French (1993) and Carhart (1997). The 
Fama – French Size (SMB) and Book-to-Market (HML) factors are constructed using 
the 6 value-weighted portfolios formed on Size and Book-to-Market. Specifically, all 
firms on the ASX are ranked by their market capitalisation (largest to smallest) at June 
of each year t. The Size breakpoint for year t is the median market equity at the end of 
June of year t. Then, all of these firms are allocated into two Size portfolios. The first 
50% of firms with the largest market capitalization are assigned to big portfolio. All 
the other firms are assigned to the small portfolio. Independently, these firms are 
ranked by their Book-to-Market ratios. The top 30% of firms with the lowest Book-to-
Market ratios are assigned to the low portfolio (with growth stocks). The neutral 
portfolio includes the next 40% of firms sorted based on their Book-to-Market ratios 
and the remaining 30% of firms with the highest Book-to-Market ratios are assigned 
to the high portfolio (with value stocks). Therefore, all stocks are assigned to one of 
two Size portfolios and one of three Book-to-Market portfolios that make up a total of 
six portfolios. These portfolios are re-formed every year and their value-weighted 
returns are calculated. The SMB factor is the average value-weighted return of the 
three small portfolios (small-low, small-neutral and small-high) minus the average 
value-weighted return of the three big portfolios (big-low, big-neutral and big-high). 
Similarly, the HML factor is the average value-weighted return of the two high Book-
to-Market portfolios (big-high and small-high) minus the average value-weighted 
return of the two low Book-to-Market portfolios (big-low and small-low). 
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In line with Carhart (1997), a momentum (MOM) factor is constructed based on 
the formation of six value–weighted portfolios sorted on Size and the previous 11 
months’ returns from t – 2 to t – 12. The breakpoint for Size portfolios is the median 
market equity of all firms in the sample. Thus, all firms are allocated into two Size 
portfolios each month. Independently, all stocks are ranked by their previous 11 
months lagged one month returns (from month t – 2 to month t – 12). The breakpoints 
for Momentum are the 30th and 70th percentiles. Therefore, the first 30% of firms with 
the lowest Momentum are assigned to the low portfolio (with loser stocks). The next 
40% of firms based on Book-to-Market ratio are assigned to the neutral portfolio and, 
finally, the 30% of firms with the highest momentum are assigned to the high portfolio 
(with winner stocks). A momentum (MOM) factor is then calculated as the difference 
between the average return on the two high prior return portfolios (small-high and big-
high) minus the average return on the two low prior return portfolios (small-low and 
big-low). 
2.4.3 Fama and MacBeth cross-sectional regressions of stock returns 
In order to assess whether firm efficiency can explain the cross-section of stock 
returns, Fama and MacBeth (1973) cross-sectional regressions are applied. Each 
month from July 1996 to June 2013, monthly cross-sectional regressions are conducted 
in which individual stock returns are regressed against various combinations of Size, 
Book-to-Market (B/M), and Efficiency Score: 
ܴ௜ǡ௧ାଵ ൌ ߛ଴ ൅ ߛଵܧܨܨ௜ǡ௧ ൅ ߛଶሺܵ݅ݖ݁ሻ௜ǡ௧ ൅ ߛଷሺܤȀܯሻ௜ǡ௧ ൅ ߟ௜ǡ௧ାଵ (2.5) 
where EFFi,t is the efficiency score of firm i as of July of year t, Sizei,t is the market 
value of equity at the end of June of year t, B/Mi,t is the ratio of the book value of 
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equity at the end of fiscal year t – 1 divided by the market value of equity at the end of 
December of calendar year t – 1. 
 2.4.4 Exploring a risk-based explanation for firm efficiency effect 
Following Core, Guay and Verdi (2008) and Gray and Johnson (2011), the two-
stage cross-sectional regression (2SCSR) method is used to explore whether firm 
efficiency is a priced risk factor in addition to the other existing ones. 
In the first stage, time-series regressions are implemented to estimate the factor 
betas. Specifically, excess returns for 25 portfolios cross-sorted based on Size and 
Book-to-Market ratios are regressed against the Fama – French three factors together 
with the efficiency factor. When the efficiency factor is included, the asset pricing 
model has the following form: 
Rp,t – Rf,t =αp +βp,Rm-Rf(Rm,t – Rf,t)+ βp,SMBSMBt + βp,HMLHMLt+βp,EFFEFFfactort + εp.t     
(2.6) 
where Rp,t, Rm,t and Rf,t are returns at time t of portfolio p, the market portfolio and the 
risk-free asset, respectively. SMB and HML are Fama – French Size and Book-to-
Market factors. EFFfactor is the efficiency-based factor-mimicking portfolio. Since 
Tobin’s Q or the Market-to-Book ratio is used as the firm outputs in the SFA to 
estimate efficiency scores, the firm efficiency factor (EFFfactor) is constructed while 
controlling for the Book-to-Market ratio to avoid the correlation between the two 
effects.11 Following Gray and Johnson’s (2011) method, all stocks are independently 
allocated into one of three efficiency portfolios and one of three Book-to-Market 
                                                          
11 In their study, Gray and Johnson (2011) construct their asset growth factor to be neutral to Book-to-
Market ratio as the asset growth is shown to be more related to Book-to-Market ratio than to Size. 
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portfolios that make up nine cross-sorted portfolios based on firm efficiency and Book-
to-Market ratio. The cut-offs for each type of portfolios are the 30th and 70th 
percentiles. The EFFfactor is calculated as the difference in average value-weighted 
returns between the three low efficiency portfolios and the three high efficiency 
portfolios. Similar to Fama and French (1993), these efficiency factor-mimicking 
portfolios are re-formed every year. 
In equation (2.6), the 25 portfolios obtained by cross-sorting stocks on firm Size 
and Book-to-Market are used as standard assets in these asset-pricing tests (see, among 
others, Fama and French 1993; Petkova 2006; Core et al. 2008; Gray & Johnson 2011). 
Following Fama and French (1993), the value-weighted returns for each portfolio are 
computed, which produces 25 series of monthly returns (Rp,t) during the period 
between July 1996 and June 2013. Moreover, the Gibbons, Ross and Shanken (1989) 
or the GRS tests are also implemented to examine whether the intercepts from the 
time-series regressions are jointly zero. 
In the second stage, factor risk premiums are estimated in a cross-sectional 
regression. The significance of factor risk premiums shows whether the proposed risk 
factor explains the cross-sectional variation in returns. The following model is the 
cross-sectional regression of the mean excess portfolio returns on the factor betas: 
തܴp - തܴf = λ0 + λ1ߚመp,Rm-Rf + λ2ߚመp,SMB + λ3ߚመp,HML + λ4ߚመp,EFF + vp , (2.7) 
where തܴp - തܴf is the time-series mean excess return on portfolio p over the sample and 
ߚመp are the factor betas estimated in stage 1. The factor risk premiums are denoted by 
λ. If firm efficiency is a priced risk factor, λ4 will be positive and statistically 
significant. Since the independent variables are betas generated from the first stage 
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time-series regressions, the Shanken’s (1992) method is used to calculate the corrected 
standard errors for the cross-sectional regression.12  
In stage 2 of the 2SCSR, the independent variables are estimated betas (not true 
betas) from the time-series procedure in the first-stage. Shanken (1992) argues that 
security returns are cross-sectional correlated and heteroskedastic. Hence, the 
independent variables in the CSR are measured with error and they may suffer from 
an errors-in-variables problem. Shanken (1992) suggests one aspect of the errors-in-
variables problem is due to small-sample bias. However, he maintains that 
measurement error in beta declines as the time-series sample size T increases. Further, 
the Fama – MacBeth standard errors may be understated due to this problem. 
Therefore, when the Shanken (1992) correction is made, the standard errors are strictly 
larger and the t-statistics are smaller. 
2.5 RESULTS AND DISCUSSION 
2.5.1 Summary statistics for data sample 
Table 2.1 reports descriptive statistics for the data sample. There are 13,482 total 
firm-year observations in 9 industry sectors (excluding all firms in the financial sector) 
over the period from 1995 to 2011. The medians relative to means indicate that most 
of the variables in this sample are right-skewed. For example, the mean and median of 
firm market equity is $922.33 million and $27.21 million, respectively. It is also the 
                                                          
12 Shanken (1992) and MacKinlay and Richardson (1991) show that the cross-sectional method is 
asymptotically equivalent to the Maximum Likelihood (ML) method and the Generalized Method of 
Moments (GMM) when returns are conditionally homoscedastic. However, the two-stage cross-
sectional regressions method is used commonly in the recent asset pricing literature since it is more 
robust and easier to implement in large cross sections (Jagannathan, Skoulakis & Wang 2010).  
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case for book equity and total assets. Book equity ranges from $0.001 million to 
$64,226.86 million with a median of $11.57 million, while total assets range from 
$0.001 million to $129,353 million with a median of $15.72 million. Similarly, the 
medians of operating revenues, long-term debt, property, plant and equipment are 
$0.38 million, $0, and $1.53 million, respectively. Although the average EBITDA of 
the sample is $83.13 million, the operating income of most firm-years (59.1%) in the 
sample is negative. Therefore, the average ratio of EBITDA/Total Assets is negative 
(-0.08). The average rate of Capital Expenditure/Operating Revenues in the sample is 
78.78. It means that firms in the sample use 78.78 dollars of tangible capital to generate 
a dollar of operating revenue, on average. Overall, it clearly shows that the sample 
includes a variety of firms with different characteristics. 
Table 2.1: Sample Descriptive Statistics (1995 – 2011) 
This table presents sample descriptive statistics of financial variables for the period from 1995 to 2011. The data is 
collected from Fin-analysis database. The units of measurement are in millions of dollars. The ratios of EBITDA 
scaled by Total Assets (EBITDA/Total Assets) and Capital Expenditure scaled by Operating Revenues 
(CAPEX/OpRev.) are reported in decimals. 
Variable Mean Std. Dev. Med. Max. Min. 
Market Equity 922.33 8,039.82 27.21 256,805.9 0.016 
Book Equity 240.86 1745.42 11.57 64,226.86 0.001 
Operating Revenues 389.88 2,672.17 0.38 78,325.63 0 
Total Assets 517.93 3,788.78 15.72 129,353 0.001 
Long-Term Debt 112.12 903.50 0 43,799.91 0 
Property, Plant & Equip. 377.43 3,423.30 1.53 97,591.23 0 
EBITDA 83.13 894.82 -0.45 34,568.39 -309.30 
EBITDA/Total Assets -0.08 10.26 -0.05 1,176.99 -56.54 
CAPEX/OpRev. 78.78 5,784.92 0.07 502,429.7 -0.761 
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2.5.2 Efficient Frontier and Efficiency Scores 
To estimate firm efficiency scores, the location of the stochastic frontier needs 
to be determined given selected firm characteristics and inputs. At the beginning of 
July of each year t, starting in 1996 and ending in 2012, equation (2.2) is estimated 
using the SFA.  
Table 2.2 reports the mean of parameter estimates for each independent variable 
over the sample period using the SFA and the OLS. For a robustness test, the mean 
parameter estimates using a standard OLS technique are also provided. The mean 
coefficients obtained from the SFA are not appreciably different from those estimated 
by the OLS. This supports the superiority of the SFA, because it not only provides 
similar estimates to the OLS but also provides a measure that helps to distinguish 
between systematic inefficiencies and white noise. In general, the signs of the 
coefficients from the SFA are consistent with previous studies in the literature. In line 
with Habib and Ljungqvist (2005), firm value increases with capital expenditure. 
According to Nguyen and Swanson (2009), the positive relationship between firm 
value and leverage suggests that firms with higher leverage can be monitored by 
creditors and this will enhance the firm values. In theory, firms with a larger amount 
of free cash flow tend to have higher market values. However, during the period 1995 
– 2011, the majority of firms (nearly 60%) in the sample suffered losses. Moreover, 
most of them are small firms. Therefore, the mean value of EBITDA scaled by Total 
Assets is negative (-0.08).13 Thus, this relation might affect the signs of the coefficient 
for EBITDA/Total_Assets variable in the SFA. 
                                                          
13 Gharghori, Lee and Veeraraghavan (2009) find that nearly 40% of Ausatralian firms have negative 
earnings and cash flows over the 1992 – 2004 period in their sample. Similarly, the average earnings 
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of firms in Gallagher, Ignatieva and McCulloch (2014) are also negative that leads to negative values 
for earnings/assets and earnings/sales ratios over the 1993 – 2007 period in the Australian market. 
Table 2.2: Mean Parameter Sensitivities between SFA and OLS 
This table presents the average parameters in the estimation of the relationship between the independent variables 
and the dependent variable (log of market value of equity) using the SFA and OLS. Efficient frontier is estimated at 
the beginning of July each year t, starting in 1996 and ending in 2012. Then the average of the “betas” is taken. There 
are 17 total observations for each “beta”. Panel B contains the summary of diagnostics for the SFA. Standard errors 
are in parentheses. *, **, and *** represent significance at the 10%, 5% and 1% levels, respectively. 
Panel A: Average Parameter Sensitivities for SFA and OLS 
Independent Variables SFA OLS 
Ln(BOOK_EQUITY) 
 
LONG_TERM_DEBT/TOTAL_ASSETS 
 
CAPEX/OPERATING_REVENUES 
 
PROPERTY_PLANT_AND_EQUIPMENT/TOTAL_ASSETS 
 
EBITDA/TOTAL_ASSETS 
 
Constant 
 
0.771*** 
(0.01) 
1.438*** 
(0.200) 
0.004* 
(0.002) 
0.136 
(0.135) 
-0.443*** 
(0.091) 
6.479*** 
(0.458) 
0.783*** 
(0.042) 
1.411*** 
(0.656) 
0.004* 
(0.005) 
0.150 
(0.219) 
-0.424*** 
(0.128) 
5.660*** 
(1.467) 
Panel B: Summary of Diagnostics for SFA 
 Mean Med Max Min 
Likelihood ratio test of ui=0 (χ2) 
 
3.965*** 
(0.809) 
3.38 
 
10.52 
 
0.35 
 
p-value of likelihood ratio test 
 
0.084*** 
(0.025) 
0.034 
 
0.278 
 
0.001 
 
Variance of ui (σu2) 
 
1.133*** 
(0.101) 
0.956 
 
2.000 
 
0.633 
 
Variance of vi (σv2) 
 
2.713*** 
(0.261) 
2.443 
 
4.531 
 
1.449 
 
Lamda (λ = σu /σv) 
 
0.660*** 
(0.028) 
0.669 
 
0.858 
 
0.472 
 
No. of firms per year 752 624.5 1374 350 
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Panel B of Table 2.2 reports the diagnostics for the SFA. The average p-value 
for the likelihood ratio test over the period is marginally significant (p-value = 0.08), 
with a maximum of 0.28 and a minimum of 0.001. Thus, the null hypothesis that all 
firms operate at an optimal level is rejected. Lamda (λ) or the ratio of σu/σv, which 
measures the relative influence of the asymmetric error to the symmetric error, is also 
reported. The mean value of λ is 0.66 (p-value less than 1%), which confirms the 
existence of systematic inefficiency from the stochastic frontier specification. 
Efficiency scores from the above estimation are then used to construct five categories 
of portfolios. In July of each year t from 1996 to 2012, all stocks in the sample are 
ranked by their efficiency scores in ascending order. Then, the sample is split into 
efficiency quintiles in which the INEFFICIENT (top quintile) portfolio contains firms 
farthest away from the frontier and with the lowest efficiency scores, and the 
EFFICIENT (bottom quintile) portfolio contains firms closest to the frontier and with 
the highest efficiency scores. 
Table 2.3 presents the distribution of efficiency scores in five quintile portfolios. 
The average efficiency score for the entire sample is 50% with a range of 83.4% to 
0.1%. The INEFFICIENT portfolio has a mean efficiency score of 39% while the 
average efficiency score in the EFFICIENT portfolio is 61.6%. Overall, the efficiency 
scores vary across five quintile portfolios. 
 
 
 
39 
 
 Table 2.3: Summary Statistics for Efficiency Scores (1996 – 2012) 
This table reports the summary statistics of efficiency scores for the period from 1996 to 2012. At the beginning of each 
July of year t, all stocks are sorted into quintiles based on their efficiency scores, in ascending order, to form 5 Efficiency 
Score (ES) portfolios. The top quintile portfolio is classified as the INEFFICIENT portfolio, and the bottom quintile is 
classified as the EFFICIENT portfolio. The efficiency levels are reported in decimals. 
ES Portfolios Mean Std. Dev. Med Max Min 
Inefficient 0.390 0.082 0.403 0.538 0.001 
2 0.456 0.062 0.472 0.559 0.240 
3 0.497 0.057 0.511 0.586 0.355 
4 0.540 0.055 0.554 0.625 0.393 
Efficient 0.616 0.060 0.619 0.834 0.446 
Whole Sample 0.500 0.099 0.507 0.834 0.001 
 
2.5.3 Distribution of returns on portfolios formed from efficiency score 
rankings 
To evaluate the performance of different types of portfolios identified from 
efficiency scores, all stocks are sorted into quintiles based on their efficiency scores at 
the beginning of July of each year t. Once the portfolios are formed, the monthly excess 
return for each stock is calculated by subtracting the risk-free rate from the return of 
that month. Then, the average monthly excess returns and t-statistics for equally-
weighted (value-weighted) portfolios based on the sorting of the efficiency scores are 
presented in Panel A (Panel B) of Table 2.4.  
The average returns of SPREAD portfolios or the difference between quintile 1 
(INEFFICIENT portfolio) and quintile 5 (EFFICIENT portfolio) are also reported to 
measure the premium associated with INEFFICIENT firms. Nguyen and Swanson 
(2009) document that INEFFICIENT firms have higher average returns than 
EFFICIENT firms in the U.S. market. Table 2.4 presents the similar effect of firm 
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efficiency on stock returns in the Australian market. Panels A and B reveal that mean 
excess returns decrease as the level of efficiency increases, which is consistent with 
the early prediction in this study. 
Table 2.4: Average monthly excess return of equally-weighted and value-weighted portfolios formed on 
efficiency scores 
This table presents the distribution of excess returns for all 5 efficiency score (ES) portfolios and the SPREAD 
portfolio. Panel A and Panel B report the excess returns for the 5 equally-weighted and value-weighted portfolios, 
respectively. The SPREAD portfolio is a zero-cost portfolio that has a long position in the INEFFICIENT portfolio 
and short position in the EFFICIENT portfolio. The return series for the SPREAD portfolio is the difference between 
the INEFFICIENT portfolio return and the EFFICIENT portfolio return. All portfolios are rebalanced each year. 
Returns are reported in decimals. *, **, and *** represent significance at the 10%, 5% and 1% levels, respectively. 
Panel A: Average Monthly Excess Returns for Equally-weighted ES Portfolios 
ES Portfolios Mean Std. Dev. Med Max Min 
Inefficient -0.0016 0.0762 -0.0004 0.1908 -0.3101 
2 -0.0098** 0.0711 -0.0031 0.1678 -0.3129 
3 -0.0135*** 0.0673 -0.0015 0.1209 -0.3378 
4 -0.0161*** 0.0691 -0.0117 0.1194 -0.3387 
Efficient -0.0313*** 0.0775 -0.0218 0.1460 -0.3641 
SPREAD 0.0296*** 0.0402 0.0295 0.1319 -0.1042 
Panel B: Average Monthly Excess Returns for Value-weighted ES Portfolios 
ES Portfolios Mean Std. Dev. Med Max Min 
Inefficient -0.0017 0.0657 -0.0014 0.2050 -0.2088 
2 -0.0056 0.0598 0.0024 0.1423 -0.2401 
3 -0.0042 0.0525 0.0031 0.1121 -0.2021 
4 -0.0023 0.0460 0.0033 0.0990 -0.1796 
Efficient -0.0240*** 0.1115 -0.0058 0.3608 -0.5727 
SPREAD 0.0222*** 0.1009 0.0137 0.5411 -0.3280 
 
For equally-weighted portfolios (Panel A), average monthly excess returns in the 
year following portfolio formation decrease in a monotonic way from -0.16% for the 
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INEFFICIENT portfolio to -3.13% for the EFFICIENT portfolio. The average return 
of the SPREAD portfolio (INEFFICIENT portfolio less EFFICIENT portfolio returns) 
is 2.96% per month and is highly statistically significant. Thus, on average, the 
equally-weighted INEFFICIENT portfolio outperforms the equally-weighted 
EFFICIENT portfolio by approximately 29.9% on a compounded annual basis. 
Following Nguyen and Swanson (2009), this study emphasizes equally-weighted 
portfolio returns because value-weighted returns put higher emphasis on firm size 
rather than firm efficiency level. Therefore, the results are also affected by firm size.  
However, Fama and French (2008) maintain that the influence of “micro” stocks 
might affect the SPREAD of equally-weighted portfolio returns. Gray and Johnson 
(2011) provide evidence that the asset-growth effect is reduced in the value-weighted 
portfolio on the Australian stock market with 70% “micro” stocks in their sample. In 
line with those arguments, firm size does have an influence on the returns of a value-
weighted portfolio. As such, the average monthly excess returns for value-weighted 
portfolios are also provided. In Panel B of Table 2.4, INEFFICIENT firms experience 
higher average monthly excess returns than the EFFICIENT ones. However, the 
decreases in the mean returns from INEFFICIENT to EFFICIENT firms are not 
monotonic as occurs in the equally-weighted portfolios. The statistics on the SPREAD 
show that the mean excess return for the value-weighted portfolios is 2.22% per month. 
On a compounded annual basis, the equally-weighted (value-weighted) 
INEFFICIENT portfolio outperforms the equally-weighted (value-weighted) 
EFFICIENT portfolio by approximately 29.9% (22.1%). The differing results between 
equally-weighted and value-weighted portfolios may be due to the influence of small 
stocks in the sample (see Fama & French 1998, 2008). 
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Figure 1 illustrates the month-to-month difference in returns between 
INEFFICIENT and EFFICIENT portfolios. In Graph A, it clearly shows that the 
INEFFICIENT portfolio outperforms the EFFICIENT portfolio almost every month 
during the period July 1996 – June 2013. 
For value-weighted portfolios, Graph B shows that, on average, the 
INEFFICIENT portfolio also outperforms the EFFICIENT one. However, as discussed 
above, firm size does affect the portfolio performance. Thus, during the market 
downturn, an EFFICIENT portfolio with large cap firms might suffer more than an 
INEFFICIENT portfolio, and vice versa. 
In summary, the returns of INEFFICIENT firms significantly outperform those 
of EFFICIENT firms in both equally-weighted and value-weighted portfolios which 
have been sorted based on firm efficiency scores. Therefore, these results support 
Hypothesis 2.1 of this chapter. 
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Figure 1: Time-series of monthly returns for the SPREAD portfolios  
The figure plots the monthly returns of equally-weighted and value-weighted SPREAD portfolios over 
the period from July 1996 to June 2013. The SPREAD portfolio has a long position in the 
INEFFICIENT stocks and short position in the EFFICIENT stocks. Monthly portfolio returns are in 
percentages. 
 
Graph A: The difference between INEFFICIENT and EFFICIENT equally-weighted portfolio 
returns (July 1996 - June 2013) 
 
 
 
Graph B: The difference between INEFFICIENT and EFFICIENT value-weighted portfolio 
returns (July 1996 - June 2013) 
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2.5.4 Measures of portfolio performance relative to firm efficiency 
Table 2.5 reports the four-factor Jensen’s alphas for equally-weighted portfolios 
(Panel A) and value-weighted portfolios (Panel B). Using equally-weighted portfolios 
for all firms, the INEFFICIENT firms have a monthly alpha of -0.7% (t-statistic = -
2.12), the EFFICIENT firms have an alpha of -3% (t-statistic = -10.16), and monthly 
alpha for the SPREAD is 2.2% (t-statistic = 7.31). For value-weighted portfolios, the 
INEFFICIENT firms have a monthly alpha of -1.1% (t-statistic = -3.31), the 
EFFICIENT firms have an alpha of -3.2% (t-statistic = -4.49), and monthly alpha for 
the SPREAD is 2.1% (t-statistic = 2.91). After controlling for exposures to the four 
factors, these portfolio returns appear to underperform the four-factor benchmark 
portfolio returns. However, the regressions for the SPREAD portfolios provide 
positive and significant alphas (2.2% and 2.1% for equally-weighted and value-
weighted portfolios, respectively), indicating that INEFFICIENT firms significantly 
outperform EFFICIENT firms, even after controlling for the four different risk factors. 
These results also support Hypothesis 2.1 for a negative relationship between firm 
efficiency and expected stock returns. 
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Table 2.5: Excess returns on Fama – French and Carhart Factors (July 1996 – June 2013) 
This table presents Jensen’s alphas and factor loading estimates from the following regression 
model: 
rp,t - rf,t = α + λ1(rm,t – rf,t) + λ2(SMBt) + λ3(HMLt) + λ4(MOMt) + εp,t, 
where rp,t is the return of portfolio p on month t, rf,t is the risk-free rate in month t; rm,t captures the 
return on market in month t; SMB is the size premium; HML is the value premium; and MOM is 
the momentum effect, and α is the intercept. SMB is the difference between the returns of small cap 
and large cap portfolios. HML is the difference between the returns of high Book-to-Market and 
low Book-to-Market portfolios. MOM is the difference between returns of last year’s high return 
and low return portfolios. SPREAD is a zero-cost portfolio that takes a long position in the 
INEFFICIENT portfolio and a short position in the EFFICIENT portfolio. Panel A reports estimates 
for the equally-weighted portfolios, and Panel B presents results for the value-weighted portfolios. 
Standard errors are in parentheses. *, **, *** represent significance at the 10%, 5%, and 1% levels, 
respectively. 
Panel A: Equally-weighted Portfolios 
Variables Inefficient P2 P3 P4 Efficient Spread 
RMRF 0.725*** 0.908*** 0.945*** 1.049*** 1.045*** -0.320*** 
 (10.23) (14.34) (15.91) (19.77) (17.00) (-4.93) 
SMB 0.629*** 0.487*** 0.436*** 0.431*** 0.429*** 0.200*** 
 (14.49) (12.56) (11.97) (13.25) (11.40) (5.02) 
HML -0.133*** -0.097*** -0.091*** -0.126*** -0.283*** 0.150*** 
 (-3.41) (-2.77) (-2.79) (-4.31) (-8.37) (4.20) 
MOM -0.097** -0.208*** -0.150*** -0.120*** -0.155*** 0.058 
 (-2.00) (-4.82) (-3.71) (-3.31) (-3.70) (1.32) 
Constant (α) -0.007** -0.013*** -0.017*** -0.019*** -0.030*** 0.022*** 
 (-2.12) (-4.27) (-6.06) (-7.74) (-10.16) (7.31) 
Adj. R-squared 0.731 0.753 0.758 0.816 0.804 0.188 
Panel B: Value-weighted Portfolios 
RMRF 0.840*** 1.053*** 1.013*** 0.983*** 0.945*** -0.105 
 (10.21) (16.04) (17.80) (20.22) (5.38) (-0.59) 
SMB 0.372*** 0.246*** 0.125*** 0.013 0.344*** 0.027 
 (8.59) (7.14) (4.17) (0.52) (3.73) (0.29) 
HML 0.059 0.085 0.136*** 0.023 -0.688*** 0.747*** 
 (0.79) (1.43) (2.64) (0.53) (-4.31) (4.64) 
MOM -0.152*** -0.116*** -0.183*** -0.074** 0.266** -0.418*** 
 (-2.88) (-2.74) (-4.99) (-2.36) (2.35) (-3.67) 
Constant (α) -0.011*** -0.013*** -0.009*** -0.007*** -0.032*** 0.021*** 
 (-3.31) (-4.68) (-4.02) (-3.44) (-4.49) (2.91) 
Adj. R-squared 0.547 0.657 0.673 0.692 0.308 0.119 
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Table 2.6: Average parameter values from cross-sectional regressions of monthly returns on Firm Size, Book-to-Market ratio (B/M), and 
Efficiency Scores (EFF) 
This table reports the results of Fama and MacBeth (1973) regressions. Monthly returns are regressed on Ln(Size), Ln(B/M), and Efficiency Scores.  
ܴ௜ǡ௧ାଵ ൌ ߛ଴ ൅ ߛଵܧܨܨ௜ǡ௧ ൅ ߛଶሺܵ݅ݖ݁ሻ௜ǡ௧ ൅ ߛଷሺܤȀܯሻ௜ǡ௧ ൅ ߟ௜ǡ௧ାଵ 
Where: 
Size is the market value of equity at the end of June of year t; Book-to-Market ratio (B/M) is the ratio of book value of equity at the end of fiscal year t–
1 divided by the market value of equity at the end of December of calendar year t – 1; Efficiency score (EFF) is calculated at the end of June of year t. 
Average parameter values are time-series averages; t-statistics are reported in parentheses. *, **, and *** represent significance at the 10%, 5%, and 1% 
levels, respectively. 
Independent Variables MODEL1 MODEL2 MODEL3 MODEL4 MODEL5 
Intercept 0.026 -0.001 0.067*** 0.038** 0.011 
. (1.38) (-0.16) (6.04) (1.99) (0.49) 
Ln(Size) -0.002***   0.003** 0.001 
. (-2.63)   (2.39) (1.01) 
Ln(B/M)  0.009***   0.007*** 
.  (9.55)   (4.35) 
Efficiency Scores   -0.163*** -0.225*** -0.071** 
   (-9.06) (-4.68) (-1.98) 
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2.5.5 Firm efficiency and the cross-section of stock returns 
To examine the relationship between firm efficiency and average stock returns, 
monthly returns are regressed on firm level efficiency and other characteristics such 
as Firm Size and Book-to-Market (B/M). Table 2.6 contains the results for the Fama 
and MacBeth (1973) regressions. The parameter estimates are the time-series average 
of the cross-sectional slopes of monthly returns regressed against Size, B/M, and 
efficiency scores. The first three models show the results of single regressions between 
the cross-section of stock returns and different characteristics (simple correlation), 
while the last two models show the results of multiple regressions after controlling for 
different variables (conditional correlation). Similar to the results obtained in previous 
studies (see, among others, Fama & French 1992; O’Brien et al. 2010; Gray & Johnson 
2011), Size and B/M have statistically significant predictive power for the cross-
section of returns. When monthly returns are regressed on Size (model 1), the 
parameter estimate is -0.2%, with a t-statistics of -2.63. When monthly returns are 
regressed on B/M (model 2), the parameter estimate is 0.9%, again with a t-statistics 
of 9.55. When the efficiency score is included in the model (model 3), the parameter 
estimate is highly significant and has the expected negative sign. The regression of 
monthly returns on the efficiency score yields an estimate of -16.3%, with a t-statistics 
of -9.06. This result implied that lower efficiency is associated with higher monthly 
returns. When both Size and Efficiency Scores are included in the regression (model 
4), the parameter estimate of Efficiency Scores is negative (-22.5%) and highly 
significant with a t-statistic of -4.68.  
In model 5, the firm efficiency effect is investigated while controlling for other 
common firm characteristics (Size and Book-to-Market). The parameter estimate for 
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Efficiency Scores is highly significant and has the expected negative sign. Particularly, 
the regression of monthly returns on Efficiency Scores has an estimate of -7.1%, with 
a t-statistic of -1.98. These results suggest that more highly efficient firms are 
associated with lower returns, which is consistent with Nguyen and Swanson’s (2009) 
findings in the U.S. market. Once again, these results support Hypothesis 2.1 for a 
negative relationship between firm efficiency and the cross-section of expected stock 
returns. 
2.5.6 Exploring a risk-based explanation for firm efficiency effect 
This section presents the results for the asset pricing test of whether firm 
efficiency is a priced risk factor. The two-stage cross-sectional regression approach is 
widely used in the literature (see, among others, Cochrane 2005; Petkova 2006; Core 
et al. 2008; Gray & Johnson 2011).  
Table 2.7 reports the intercepts and coefficients obtained from the time-series 
regressions of portfolio excess returns on Fama – French three factors and the new 
candidate EFFfactor for 25 portfolios cross-sorted on Firm Size and Book-to-Market 
in stage 1. In Table 2.7, the SMB factor is clearly associated with Size in each Book-
to-Market group (each column). Specifically, the coefficients on SMB decrease from 
small to big firms. For example, in the low Book-to-Market group, the slope on SMB 
is 0.851 for the small Size portfolio and it is only -0.692 for the big Size portfolio.  
Similarly, the HML factor is obviously related to Book-to-Market in each group of 
portfolio sorted on Size (each row). Specifically, the coefficients on HML increase 
from low Book-to-Market to high Book-to-Market firms. This happens in all Size 
grouping.  
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Finally, the estimated coefficients on the EFFfactor are higher for small firms 
and low Book-to-Market firms than for big firms and high Book-to-Market firms. For 
Table 2.7: Time-series intercepts and coefficients on 25 portfolios cross-sorted based on Size 
and B/M 
This table reports the intercepts and coefficients for 25 portfolios cross-sorted on firm Size and Book-
to-Market (B/M) obtained from the time-series regressions in Stage 1 of the 2SCSR. Parameters are 
estimated using monthly returns from July 1996 to June 2013. 
  Low B/M 2 3 4 High B/M 
Intercept 
 Small 0.008 0.004 0.011 0.007 0.009 
 2 0.002 -0.009 -0.011 -0.005 0.005 
 3 -0.013 -0.020 -0.009 -0.008 -0.002 
 4 -0.021 -0.021 -0.011 -0.011 -0.005 
 Big -0.006 -0.009 -0.006 -0.005 -0.004 
Coefficients on Rm-Rf factor 
 Small 1.004 1.143 1.090 0.850 0.797 
 2 1.111 1.008 1.091 0.968 0.742 
 3 1.029 1.177 1.208 1.075 0.921 
 4 1.039 1.139 1.174 1.069 1.072 
 Big 0.926 1.124 1.049 1.077 0.957 
Coefficients on SMB factor 
 Small 0.851 0.835 0.843 0.623 0.594 
 2 0.843 0.882 0.621 0.676 0.541 
 3 0.699 0.734 0.574 0.580 0.439 
 4 0.624 0.450 0.467 0.265 0.254 
 Big -0.692 0.267 -0.135 0.024 -0.067 
Coefficients on HML factor 
 Small -0.593 -0.453 -0.395 -0.240 -0.248 
 2 -0.594 -0.445 -0.163 -0.178 -0.162 
 3 -0.535 -0.398 -0.189 -0.131 -0.059 
 4 -0.587 -0.410 -0.215 -0.118 0.052 
 Big -1.926 -0.312 -0.162 0.068 0.084 
Coefficients on EFFfactor 
 Small 0.078 -0.001 0.079 0.023 -0.007 
 2 0.125 0.003 -0.015 -0.007 0.023 
 3 0.032 0.004 -0.022 0.018 -0.010 
 4 0.115 0.135 -0.005 0.066 0.007 
 Big -0.088 0.024 0.046 -0.025 0.008 
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example, in the low Book-to-Market group, the slopes on EFFfactor are 0.078 and -
0.088 for small and big portfolios, respectively. The slopes on EFFfactor also decrease 
from 0.078 for low Book-to-Market portfolio to -0.007 for high Book-to-Market 
portfolio in the small Size group. However, these variations do not appear 
monotonically across different Size and Book-to-Market groups. 
Table 2.8 presents the results of the two-stage cross-sectional regression 
(2SCRS) method. Panel A reports the average parameters of factor betas from the time-
series regressions for each set of test assets (each of 25 Size/Book-to-Market 
portfolios) in stage 1. When the Fama and French three-factor model (without the 
EFFfactor) is estimated, the three factors explain, on average, 58% of the variation in 
the returns of the 25 portfolios. Including the EFFfactor, the explanatory power of the 
model marginally increases to 59%. Importantly, the EFFfactor beta is 0.024 with t-
statistic = 2.46 and other factor betas are highly significant. These results suggest that 
all factors can be used to explain the variation in the cross-section of stock returns. In 
these models, the GRS tests clearly reject the null hypothesis that the intercepts from 
the time-series regressions are jointly zero, and that the EFFfactor does not lower the 
GRS F-statistic. The GRS tests are significant at the 1% level, regardless of whether 
the EFFfactor is included or not. 
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Table 2.8: Two-stage cross-sectional regressions 
Panel A reports the average coefficients of time-series regression of monthly excess portfolio returns 
(portfolio returns minus the risk-free rate) on the three Fama – French factors and the EFFfactor in 
stage 1. Panel B reports the coefficients from the stage 2 cross-sectional regression of the mean excess 
portfolio return of 25 Size and B/M portfolios on factor betas estimated in stage 1; t-statistics are 
reported in parentheses. *, **, and *** represent significance at the 10%, 5%, and 1% levels, 
respectively. In stage 2, the Shanken’s (1992) method is used to calculate the corrected standard 
errors for the cross-sectional regression. 
Panel A: Time-series regression of excess portfolio returns on risk factors in Stage 1 
Intercept Rm-Rf SMB HML EFFfactor Adj. R2 GRS test 
-0.005* 1.037*** 0.488*** -0.329***  0.58 5.21 
(-1.87) (50.12) (3.90) (-5.58)   p < 0.001 
-0.005* 1.034*** 0.472*** -0.332*** 0.024** 0.59 5.23 
(-1.93) (50.42) (3.86) (-5.65) (2.46)  p < 0.001 
Panel B: Cross-sectional regression of mean excess returns on factor betas in Stage 2 
Intercept βp,Rm-Rf βp,SMB βp,HML βp,EFF Adj. R2  
0.035** -0.039 0.001 0.029**  0.72  
(2.46) (-1.83) (0.22) (2.37)    
0.034** -0.038 0.002 0.028*** -0.011 0.67  
(2.31) (-1.07) (0.69) (4.82) (-0.31)   
 
Panel B summarizes the results of the factor risk premiums from the second stage 
cross-sectional regression. Similar to stage 1, the Fama and French three-factor model 
is estimated first. Next, the EFFfactor is included into the model to test whether it 
carries a positive risk premium. The results show that the average coefficient on Rm – 
Rf is negative and statistically insignificant, while the loading on SMB is positive but 
insignificant. According to the asset pricing literature (see, for example, Cochrane 
2005), if these factors have negative and/or insignificant coefficients, they cannot be 
proved as risk factors. Therefore, while the HML factor is priced, there is no such 
evidence on the market risk premium and SMB factor. These results are consistent 
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with previous studies in the U.S. market when realized returns are used in these asset 
pricing tests (see, among others, Fama & French 1992; Petkova 2006; Core et al. 
2008).14 More importantly, the coefficient on the EFFfactor is negative and 
statistically insignificant. According to Cochrane (2005), if a proposed risk factor 
captures the variation in stock returns, the estimated coefficient on that factor will be 
positive and statistically significant. However, in stage 2, the result does not support 
Hypothesis 2.2 that firm efficiency is a priced risk factor. In other words, these findings 
suggest that the relation between firm efficiency and the cross-section of stock returns 
in the Australian market might be due to mispricing in an inefficient market. 
2.6 CONCLUSIONS 
This study investigates the relationship between firm efficiency and stock 
returns. Firm efficiency is estimated using the SFA method. The analytical results 
provide supportive evidence for a negative relationship between the level of firm 
efficiency and average stock returns. 
In all quintiles of equally-weighted and value-weighted portfolios constructed 
based on the efficiency scores, the INEFFICIENT firms significantly outperformed 
the EFFICIENT firms. The average monthly excess returns of the INEFFICIENT 
portfolios are significantly higher than those of the EFFICIENT portfolios.  
This result is consistent with the risk-return proposition in finance that 
INEFFICIENT firms are relatively risky, hence, higher returns are expected. The 
returns on the SPREAD portfolios remain significant after controlling for exposures 
                                                          
14 For the Australian stock market, Brailsford et al. (2012b) document that the size premium almost 
disappears when tiny stocks are excluded from their portfolios. 
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to the broad market, firm size, Book-to-Market, and Momentum factors, using Fama 
– French and Carhart four-factor models.  
In addition, this study provides evidence that is consistent with Nguyen and 
Swanson’s (2009) finding that the level of firm efficiency is significant in explaining 
average stock returns in the Fama and MacBeth (1973) cross-sectional regressions. 
Firm efficiency effect is still significant when other firm characteristics such as Size 
and Book-to-Market are taken into account during the period from July 1996 to June 
2013. The above results support Hypothesis 2.1 of this chapter. 
Finally, the results in the two-stage cross-sectional regression do not support 
Hypothesis 2.2 that firm efficiency is a separate risk factor in the Australian market. 
These findings suggest that firm efficiency effect is more related to mispricing. If the 
risk-based explanation cannot fully explicate the efficiency anomaly, then what is the 
driver of the efficiency effect? The answer for this question is presented in Chapter 4 
of this thesis.  
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CHAPTER 3: FIRM EFFICIENCY, INDUSTRY CONCENTRATION AND 
AVERAGE STOCK RETURNS 
3.1 INTRODUCTION 
3.1.1 Purpose and Motivation 
The purpose of this chapter is to examine the joint effect of industry 
concentration and firm efficiency on expected stock returns in the Australian market. 
Recent studies in empirical asset pricing (see, for example, Hou & Robinson 2006; 
Hashem 2010) document that the level of concentration in an industry has a negative 
effect on a firm’s cash flows and equity returns in the U.S. and U.K. markets. However, 
Gallagher et al. (2014) suggest that the difference in firms’ size and regulatory 
environment in Australia might affect firms’ abilities to exercise their monopoly power 
which in turn influences the relationship between industry concentration and stock 
returns. Therefore, this chapter investigates whether industry concentration has an 
explanatory power in the cross-section of average stock returns in the Australian 
market over the 1995 – 2013 period. More importantly, this chapter explores whether 
the relationship between industry concentration and expected stock returns is due to 
risk as suggested by Hou and Robinson (2006) or whether this effect is a result of the 
correlation between industry concentration and firm efficiency. In doing so, this 
chapter addresses two research questions. First, does industry concentration explain 
the cross-section of average stock returns in the Australian stock market? Second, is 
there a relationship between industry concentration and firm efficiency in explaining 
the cross-section of expected returns? 
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Investigating the relationship between firm efficiency and industry concentration 
in explaining average stock returns is motivated by a number of studies in the 
literature. In their seminal study, Hou and Robinson (2006), for the first time, linked 
expected stock returns to industry concentration through innovation and distress risk. 
Their basic hypothesis is drawn from a well-established finding in the industrial 
organization literature (e.g., Teece 1981) that the structure of product markets affects 
the operating decisions of a firm. Therefore, if these operating decisions affect a firm’s 
cash-flow risks, they should influence its stock prices as well. Specifically, Hou and 
Robinson (2006) find that firms in more competitive industries, on average, earn 
higher returns than firms in more concentrated industries. It is because firms in more 
concentrated industries are protected from distress risk by the higher barriers-to-entry 
into these industries (Bain 1954). Moreover, these firms participate in fewer 
innovation activities than their counterparts in less concentrated industries and, hence, 
they face lower innovation risk (Schumpeter 1912). Combining the ideas of 
Schumpeter (1912) and Bain (1954), it can be argued that investors require lower 
(higher) returns for firms in more (less) concentrated industries. Thus, it is imperative 
to examine whether the structure of product markets has an effect on the cross-section 
of expected returns in the Australian stock market.15 
In Chapter 2, firm efficiency effect is proved to have a negative relationship with 
expected stock returns in the Australian market. This result is consistent with the 
empirical evidence documented in Nguyen and Swanson (2009), who show that 
INEFFICIENT firms significantly outperform EFFICIENT firms even after 
controlling for firm characteristics and other risk factors in the U.S. market. The 
                                                          
15 Following Hou and Robinson (2006), the Herfindahl index is used as a proxy for industry 
concentration of the product market structure. 
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linkage between industry organization and firm efficiency literature predicts that firms 
in concentrated markets and firms with high levels of efficiency have lower returns 
due to their higher profitability and lower distress risk. If industry concentration and 
firm efficiency are two independent determinants of the cross-section of expected 
returns, the concentration premium and inefficiency premium will still exist if one of 
them is controlled for. In other words, looking across industry concentration groups, 
firms with the same level of efficiency will have different rates of expected returns 
and, vice versa. 
Demsetz (1973), however, argues that the market power of a firm is a result of 
its high level of efficiency. Accordingly, the more efficient firms are able to improve 
their size relative to the others and dominate an industry. Hence, another possible 
argument might be firms in more concentrated industries face less distress risk not 
only because they can use their market power to prevent new firms entering their 
industries but they also operate at a higher efficiency level. Therefore, the return 
difference between EFFICIENT and INEFFICIENT portfolios exists because the 
EFFICIENT firms are those in more concentrated markets. If this is a case, the 
inefficiency premium will disappear when firms are observed in the same group of 
industry concentration level, and vice versa. Thus, it is necessary to explore whether 
the relationship between industry concentration on stock returns, as in Hou and 
Robinson (2006), is based on the different risk levels those firms have to endure, or is 
merely due to the correlation between firm market power and its efficiency level. 
3.1.2 Main findings 
The effects of industry concentration and firm efficiency on the cross-section of 
expected stock returns are investigated for the period between 1995 and 2013.  The 
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first finding is that industry concentration is positively related to the cross-section of 
expected returns. The results are maintained for both individual firm-level returns and 
industry portfolio returns. Constructing quintile equally-weighted and value-weighted 
portfolios based on an industry concentration measure (the Herfindahl index), the 
average monthly returns for firms in the most concentrated industry outperform firms 
in the most competitive industry. The average difference in returns between a 
concentrated and a competitive portfolio (the SPREAD portfolio) is 0.35% for an 
equally-weighted portfolio and 2.34% for a value-weighted portfolio. The results are 
consistent and significant when industry portfolio returns are investigated.  
In order to examine the average characteristics of efficiency and concentration 
portfolios, all firms in the sample are sorted into quintiles based on their Herfindahl 
index and efficiency scores. Two sets of quintile portfolios are observed. The results 
show that the concentrated and efficient quintile portfolios appear to have larger Size, 
Total Assets and Sales, while the competitive and inefficient quintile portfolios appear 
to have higher leverage and Book-to-Market ratios. 
The main finding of this chapter is that industry concentration and firm 
efficiency have independent effects on stock returns. By forming 25 double-sorted 
portfolios based on Herfindahl index and efficiency scores, the characteristics of these 
portfolios are then examined. Among the four-corner portfolios, INEFFICIENT firms 
in concentrated industry earn highest stock returns while EFFICIENT firms in 
concentrated industry earn lowest stock returns. Controlling for industry concentration 
effect, high INEFFICIENT portfolios tend to outperform high EFFICIENT portfolios 
for all five concentration groups. However, controlling for efficiency effect, three out 
58 
 
of five efficiency quintiles show that more concentrated portfolios earn higher returns 
than more competitive portfolios while the other two portfolios show the opposite. 
Utilizing the 25 double-sorted portfolios, the effects of industry concentration 
and firm efficiency on market share and firm earnings (EBITDA) are also analysed. 
The results show that industry concentration appears to be associated with market 
share more than firm earnings, while the efficiency effect is stronger for firm earnings 
than for market share. 
In the Fama – MacBeth cross-sectional regressions, industry concentration 
shows a positive relationship with average stock returns both at firm-level and 
industry-level. Efficiency effect appears to have a strong negative relationship with 
average stock returns at the firm-level regression while industry concentration is more 
related to returns at the industry-level.  It might be because efficiency is more likely a 
characteristic of a firm rather than of an industry. Especially, the coefficients on the 
interaction terms between firm efficiency and industry concentration are statistically 
insignificant which reconfirms the separate effects of the two factors on average stock 
returns. 
To further investigate the dynamic relationship between industry concentration 
and firm efficiency, the firm-level and industry-level vector autoregressive (VAR) 
analyses are implemented. The analysis shows that, at the firm-level VAR, industry 
concentration in the previous year (one lag, yeart-1) is not correlated with firm 
efficiency at the present year (yeart), and vice versa.16 Thus, the effect of industry 
concentration is independently based on the Structure/Conduct/Performance argument 
                                                          
16 For a robustness test, similar results are found in a two-lag VAR procedure. This suggests that the 
effect of firm efficiency on industry concentration, and vice versa, may take more than two years to be 
realized. 
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suggested by Bain (1954). However, at the industry-level VAR, both industry 
concentration and firm efficiency seem to follow an AR(1) process. Importantly, an 
industry with more EFFICIENT firms tends to become more concentrated in the 
subsequent year. 
3.1.3 Outline of the chapter 
The remainder of this chapter is structured as follows. Section 3.2 reviews the 
current literature and develops the hypothesis to be examined in this study. Section 3.3 
describes the data and variables which are used for these investigations. Section 3.4 
presents the research methodology. Section 3.5 reports the results and their 
implications and Section 3.6 concludes this chapter. 
3.2 LITERATURE REVIEW AND HYPOTHESES DEVELOPMENT 
3.2.1 Industrial organization paradigm and the relation to average stock 
returns 
Many studies in asset pricing literature present different risk factors to explain 
stock returns. The traditional approach to explain stock returns is to determine the 
sources of risk supported by theoretical assumptions (see, among others, Sharpe 1964; 
Lintner 1965; Merton 1973; Ross 1976). However, some empirical studies in asset 
pricing either indicate contradictory results with rational asset pricing theories or 
suggest other channels of risk that might affect stock returns (see, for example, Fama 
& French 1992, 1993).  
In line with the growing literature in asset pricing, Hou and Robinson (2006) 
proposed two risk-based channels that link industry product market and expected stock 
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returns. They are innovation risk introduced by the creative destruction concept of 
Schumpeter (1912) and barriers-to-entry related to distress risk, as in Bain (1954). 
As suggested by the creative destruction hypothesis in Schumpeter (1912), firms 
in more competitive industries participate more in innovation activities than firms in 
concentrated industries. Therefore, these firms carry more innovation risk. If this is a 
priced risk factor in financial markets, competitive industries should earn, on average, 
higher returns compared to concentrated industries.  
An alternative approach that links product market structure to stock returns is 
based on the Structure/Conduct/Performance (S/C/P) paradigm introduced by Bain 
(1954). He maintained that the structure of product market affects a firm’s pricing 
behaviour which, in turn, decides its performance.  Specifically, the S/C/P paradigm 
argues that the optimal scale of a firm to minimize its production costs is one entry 
barrier into an industry; hence, this industry becomes more concentrated. Moreover, 
firms in high barriers-to-entry industries can increase prices or production output to 
meet positive demand shocks without worrying about a new competitor’s entry. 
Therefore, an increase in future profitability will protect them from bankruptcy in a 
disadvantaged economic situation. As a result, firms in a high concentrated industry 
face less distress risk and, hence, require lower average stock returns. 
Although barriers-to-entry can be considered as a risk-based channel that links 
industry concentration and average stock returns, recent work in industrial 
organizations is able to distinguish an innocent entry barrier from a strategic entry 
barrier which, in turn, reduces the possibility of entry (Salop 1979).17 In addition, 
                                                          
17 According to Salop (1979), barriers to entry may be created by the nature of an industry production 
characteristics (innocent entry barriers) or a result of strategic choices of the existing firms (strategic 
entry barriers). 
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Schmalensee (1981) contends that the cost of capital of a firm with a minimum 
efficient scale can also be used as a shield from new entries. These arguments have 
weakened the proposition that entry barriers are caused by the relative size of firms in 
an industry. 
The explanation of the market concentration effect on average stock returns may 
vary in different directions when considering other industry characteristics. For 
example, Aguerrevere (2009) extends Hou and Robinson’s (2006) study by taking 
product market demand into account. Specifically, he argues that the riskiness of a 
firm’s cash flows vary with demand. Firms in competitive industries are faced with 
higher risk when demand is low; hence, they require higher returns. In contrast, high 
demand brings more risk to firms in more concentrated industries; therefore, they earn 
higher returns during this period. Similarly, Hoberg and Phillips (2010) explore the 
effect of competition in different industry business cycles. They find strong evidence 
that increases in financing and investment in competitive industries lead to 
considerable decreases in operating cash flows and equity returns. However, there is 
almost no evidence for concentrated industries. 
Besides, Sharma (2011) suggests that firms’ product substitutability and industry 
market size are the two other links between product market structure and average stock 
returns. These two factors together with industry concentration propose a multi-
dimensional explanation for the roles of product market competition in determining 
asset prices.  
Consistent with Hou and Robinson’s (2006) study in the U.S., Hashsem (2010) 
finds a negative relationship between industry concentration and average stock returns 
using the data on the London Stock Exchange during the 1985 - 2010 period. However, 
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it is not the case for the Chinese stock market. By analysing all A-share securities listed 
on the Shanghai Stock Exchange and Shenzhen Stock Exchange, Dan et al. (2007) find 
that stock returns are significantly positively correlated with industry concentration, 
even after controlling for Size, Book-to-Market and Momentum. These results are 
contradictory to Hou and Robinson’s (2006) findings. Similar contradictory results are 
also reported in another U.S. study by Ali, Klasa and Yeung (2009) that uses the U.S. 
Census data. Their explanation is that the Compustat data contain only public firms in 
an industry, while U.S. Census data covers all public and private firms in an industry. 
Therefore, industry concentration measures using Compustat data are poor proxies for 
actual industry concentration and only correlate with 13% of the corresponding U.S. 
Census measures. Thus, Ali et al. (2009) document that industry concentration 
measures calculated by the U.S. Census are not related to future stock returns, which 
is contrary to Hou and Robinson (2006). Moreover, the U.S. Census-based industry 
concentration measured is positively rather than negatively associated with research 
and development expenses, as reported in Hou and Robinson (2006). This finding 
suggests that Compustat-based industry concentration measures might be correlated 
with the dependent variables or capture other industry characteristics in these studies.  
In contrast to the U.S. asset pricing literature, findings on the Australian market 
are less voluminous and inconclusive. For instance, studies re-investigating the three-
factor model which appeared in the U.S. market (e.g., Fama & French 1992, 1993) 
provide evidence that the small-minus-big (SMB) factor is the main explanatory 
variable in the Australian market. However, while some evidence shows a negative 
size premium (e.g., Faff 2001, 2004), other studies showed a positive sign for this 
factor (e.g., Gaunt 2004). Empirical evidence for the momentum effect is also 
inconsistent when using the Australian data. For example, while the momentum 
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premium for Australia is statistically significant in Liew and Vassalou (2000), and 
Demir, Muthuswamy and Walter (2004), it is shown to have no impact in Durand, 
Limkriangkrai and Smith’s (2006) study. Especially, in a recent study, Gallagher et al. 
(2014) argue that the Australian firms can generate greater monopoly power than firms 
in the U.S. market. Therefore, dominant firms in a concentrated industry are likely to 
earn higher stock excess returns over the 1993 – 2007 period in the Australian market. 
However, they suggest that their results, which are opposite to Hou and Robinson’s 
(2006) findings, need further investigation in order to confirm the relationship between 
industry concentration and monopoly profits as well as innovation. 
In summary, Hou and Robinson’s (2006) finding on the relationship between 
product market structure and average stock returns sheds a light for future research. 
However, utilizing different datasets from other countries (e.g., Hashem 2010; Dan et 
al. 2007) or a different U.S. data source (see Ali et al. 2009) to re-investigate the 
concentration effect might provide a different conclusion. Moreover, the explanation 
of the market concentration effect on average stock returns may vary in different 
directions when considering other industry characteristics such as: product market 
demand (see, Aguerrevere 2009), industry business cycles (see, Hoberg & Phillips 
2010), and/or industry market size (Sharma 2011).  
Based on the theoretical arguments and previous empirical evidence discussed 
above, the hypothesis for the relationship between industry concentration and the 
average stock returns is formulated as follows: 
Hypothesis 3.1 (H3.1): Industry concentration is negatively related to average stock 
returns in the Australian market. 
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3.2.2 Firm efficiency and the market power of firms 
In the current literature, firm efficiency and the market power of firms are two 
important determinants of firm profitability and stock returns. However, the findings 
are inconclusive on whether the two factors separately affect firm performance or it is 
merely due to the correlation between the two. 
As discussed in the above section, the structure of product market is proven to 
have a significant impact on equity returns. The explanation for this relationship is 
based on the S/C/P paradigm in industry organization literature (Bain 1954). However, 
the efficiency paradigm, which was first introduced by Demsetz (1973), shows that the 
market power of a firm is a result of its high level of efficiency. Consequently, more 
efficient firms improve their size relative to the others and the industry becomes more 
concentrated. The linkage between industrial organization and firm efficiency 
literature predicts that firms in concentrated markets and firms with a high level of 
efficiency have lower returns due to their higher profitability and lower distress risk. 
In contrast to some results found by Demsetz (1973) for the U.S., Clarke, Davies 
and Waterson (1984) find no big difference between small and large firm profitability 
in high concentration industries for the U.K. market. This finding is inconsistent with 
Demsetz’s (1973) predictions about efficiency explanation and supports the S/C/P 
paradigm instead. On the other hand, Clarke et al.’s (1984) model reassures that the 
relationship between profitability and concentration is positive, as suggested in 
Demsetz (1973), without any collusion. They suggest that both efficiency and market 
power effects are at work simultaneously. 
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Although there are certain relations between firm efficiency and competition, 
their effects on firm performance can be explained in different ways. Specifically, 
McWilliams and Smart (1993) explain that more efficient firms will, over time, 
increase their market share while less efficient firms will lose their market share and 
exit the industry. Thus, the industry becomes more concentrated.  Empirical evidence 
in Ravenscraft (1983) supports this view. He maintains that market share is positively 
correlated with profitability, while the relationship between industry concentration and 
profitability goes in the opposite direction when firms’ market share is included in the 
regression. Comparing the efficiency paradigm to the S/C/P paradigm, McWilliams 
and Smart (1993) posit that the S/C/P paradigm considers the market is static and 
competition is a state; hence, the excess profit of a firm is dependent on entry barriers. 
On the other hand, the efficiency paradigm believes that markets are dynamic and 
competition is a process; therefore, the abnormal returns are not dependent on barriers-
to-entry (McWilliams & Smart 1993). The efficiency paradigm also implies that as 
competition advantage is a result of a competitive process, the effect of each factor 
should be analysed under a dynamic framework.  
In general, there is some evidence that competition is good for technical 
efficiency and innovation (Nickell 1996). For example, Geroski (1990) suggests that 
concentration and other measures of monopoly power tend to reduce the rate of 
innovation and, hence, productivity growth. Further, an increase in market 
concentration above a certain threshold tends to reduce technical efficiency (see, for 
example, Green & Mayes 1991). In fact, Nickell (1996) maintains that competition 
probably reduces profitability rather than increases efficiency. Moreover, Novy-Marx 
(2009) argues that a low-cost producer invests more than a high-cost producer simply 
due to its high level of efficiency. Consequently, these investments help to increase 
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the low-cost producer’s market share and its ability to incorporate the external prices. 
Thus, competitive pressures also place efficiency bounds on industry participation. 
Perhaps, competition does not improve the efficiency of an individual firm directly, 
but creates an environment where only the best firms can survive (see, Jovanovic 
1982).   
Using data from 580 U.K. manufacturing companies, Nickell et al. (1997) find 
that product market competition is associated to some extent with an increase in 
productivity growth. In a competitive environment, the owners or the market can easily 
monitor managers and provide more effective incentives as they have more 
opportunities for comparison. Holmström’s (1999) analysis shows a positive impact 
of competition on managerial effort. The explanation might be that more competition 
will raise the probability of bankruptcy at any given level of managerial effort. So 
managers will work harder to avoid this outcome (see, Schmidt 1997; Aghion & 
Howitt 1997). In line with these arguments, Hay and Liu (1997) and Karuna (2007) 
also argue that firms provide greater incentives when the market is more competitive. 
In highly competitive markets, only the most efficient firms will survive. In more 
concentrated markets, less efficient firms may be able to maintain considerable market 
shares due to the protection of entry barriers; hence, the relationship between 
efficiency and market share will be weaker. They also find that the relationship 
between relative efficiency and market share varies substantially across sectors with 
different degrees of competition. Interestingly, these findings seem to support the 
argument that competition strengthens the incentives for managers of a firm. 
Moreover, better incentive schemes can solve agency problems; hence, they can 
improve firm value or firm efficiency (Habib & Ljungqvist 2005). Therefore, the 
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relationship between firm efficiency and market concentration needs to be 
disentangled. 
Although firm efficiency and the market power of a firm might be associated, 
their effects on average stock returns may be different. Firm efficiency is related to a 
firm’s market share, while market concentration, which is measured by the Herfindahl 
index, is a function of the market share of all firms in an industry. Therefore, industry 
concentration is different from market share as it contains further information for the 
whole industry rather than that of each firm. Moreover, not only industry concentration 
but other industry characteristics such as product substitutability or market size, which 
are the other representatives for the product market competition, also play an important 
role in explaining stock returns (see, for example, Sharma 2011; Karuna 2007). This 
suggests there are multi-dimensional explanations for the impact of firm efficiency and 
industry concentration on asset prices. 
Based on the above discussion, the second hypothesis for the relationship 
between firm efficiency and industry concentration in explaining the average stock 
returns is as follows: 
Hypothesis 3.2 (H3.2): Firm efficiency and industry concentration have separate 
effects on average stock returns. 
3.3 DATA 
This chapter investigates the relationship between industry concentration and 
firm efficiency in explaining the cross-section of stock returns. All ordinaries listed on 
the ASX for the period between 1995 and 2013 are included in the data sample. The 
industry concentration measures (the Herfindahl index) are calculated for 20 major 
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industries that are classified into 9 industry sectors according to the Global Industry 
Classification Standard (GICS) on the ASX. All firms in the financial sector (Banks, 
Insurance, Real Estate, and Diversified Financials industries) are excluded from the 
data sample. 
Two different datasets are collected, namely, the accounting data for companies 
and the monthly stock returns. These two datasets are similar to those utilized in 
Chapter 2 to investigate the relationship between firm efficiency and average stock 
returns. The first dataset includes the monthly returns (containing dividends and capital 
gains, with the appropriate adjustments for capital changes such as splits and stock 
dividends) of common stocks traded on the Australian Securities Exchange. Monthly 
stock returns are collected from Datastream for the period from July 1996 to June 
2013. Moreover, historical share prices for all listed companies on the ASX are also 
downloaded from Datastream over the period between 1995 and 2013. The second 
dataset contains company accounting data for the 1995 to 2011 period. All the 
accounting and firm-specific data are obtained from Fin-analysis. This includes 
variables on firm-specific characteristics, which are used in the SFA model to estimate 
firm efficiency scores, such as: Operating Revenues (Sales), Total Assets, Long-Term 
Debt, Property, Plant and Equipment, Earnings before interest, taxes, depreciation and 
amortization (EBITDA), and Capital Expenditures. Other variables and accounting 
ratios used in the analysis include: Firm Size (defined as annual market value of equity, 
which is calculated as share price multiplied by the number of ordinary shares on 
issue), Book-to-Market ratio (calculated by dividing book equity by market equity, 
which is stock price times shares outstanding at fiscal year-end), Leverage (defined as 
the ratio of total liabilities to total market value of firm), net profit margin, and return 
on equity (ROE). 
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Similar to Chapter 2, to be included in the sample, firms must have accounting 
data for two years or more. In addition, delisted firms and firms with negative book 
equity are also excluded from the data sample. Consistent with Fama and French 
(1992), monthly stock returns from July of year t to June of year t + 1 are matched 
with accounting data of a firm at the end of fiscal year t – 1 to ensure the stock prices 
reflect firms’ earnings and characteristics. 
3.4 RESEARCH METHODOLOGY 
3.4.1 Firm efficiency estimation 
This section summarizes the SFA method which is used to estimate the 
efficiency scores of all firms in the sample, as discussed in Chapter 2. In line with 
Habib and Ljungqvist (2005) as well as Nguyen and Swanson (2009), the benchmark 
stochastic frontier is formulated as follows: 
Ln(Market_Equityi) = β0 + φij + β1Ln(Book_Equityi)  
            + β2(Long_Term_Debti/Total_Assetsi) 
            + β3(CAPEXi/Operating_Revenuesi) 
            + β4(Property_Plant_And_Equipmenti/Total_Assetsi) 
            + β5(EBITDAi/Total_Assetsi) + vi – ui   (3.1) 
 
where φij is a dummy variable that proxies for firm i’s industry sector j according to 
the GICS industry classification; vi is the standard two-sided white noise error and ui 
represents the non-negative inefficiency component. 
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For the Australian stock market, nine industry sectors are selected and, therefore, 
nine industry dummy variables are used. Other variables can be explained as follows: 
Ln(Market_Equityi) and Ln(Book_Equityi) are obtained from the log transformation of 
the Market-to-Book ratio for firm i; Long_Term_Debti/Total_Assetsi represents firm 
leverage of firm i; CAPEXi/Operating_Revenuesi is the ratio of firm capital 
expenditure scaled by operating revenues, presenting investment opportunities of firm 
i; Property_Plant_And_Equipmenti/Total_Assetsi proxies for the fixed assets of firm 
i; and EBITDAi/Total_Assetsi is the ratio of operating profits scaled by total assets, 
acting as a proxy for firm profitability. 
Every firm i will obtain an efficiency score in July of each year t which is a 
relative ratio of the actual outputs of firm i and the optimal outputs of a fully-efficient 
firm using the same input vector. 
ܧܨܨ௜௧ ൌ
ܧሺܳ௜௧ȁݑ௜௧ǡ ܺ௜௧ሻ
ܧሺܳ௜௧כ ȁሺݑ௜௧ ൌ Ͳሻǡ ܺ௜௧ሻሺ͵Ǥʹሻ
where EFFit is the efficiency score of firm i in year t, which takes a value between 0 
and 1; ܳ௜௧כ ݅s the maximum value of firm i in year t when there is no, or minimum, 
inefficiency (ui=0); Qit is the actual value of firm i in year t with the input vector Xi 
and parameter estimate vector βi. 
3.4.2 Measuring Industry Concentration 
In common with the industrial organization literature, the Herfindahl index is 
used to measure industry concentration. Following Hou and Robinson (2006), the 
Herfindahl index (HERFj) for each industry j is calculated every year as follows: 
ܪܧܴܨ௝ ൌ σ ݏ௜௝ଶூ௜ୀଵ  (3.3) 
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where sij is the market share of firm i in industry j for a given year. The Herfindahl 
index is calculated using Operating Revenues (Sales) which is called H(Sales) in this 
study. Alternatively, Total Assets or Book value of Equity can also be used to estimate 
the market share of a firm. Thus, the Herfindahl index can be denoted as H(Assets) 
and H(Equity), respectively. To ensure the industry concentration measure has 
reasonable values, the correlation between the Herfindahl index calculated 
alternatively by either Sales, Total Assets or Book Equity are examined, as in Hou and 
Robinson (2006). In their study, Hou and Robinson (2006) show that these three 
measures of industry concentration are highly correlated. 
The Herfindahl index employs all the information on market share and provides 
a picture of industry concentration. The calculations of the Herfindahl index are 
performed for each industry every year, then these values are averaged over the past 3 
years. This method improves the robustness of the results and minimizes any potential 
data errors or large fluctuations in the Herfindahl measure. 
The Herfindahl index values range between 0 and 1. A high value on the 
Herfindahl index for industry j indicates that the industry is concentrated and the 
market is dominated by a small number of firms. In contrast, a small value on the 
Herfindahl index for industry j implies that it is a more competitive industry and a 
large number of firms are sharing the market in this industry.  
3.4.3 Effects of industry concentration and firm efficiency on average stock 
returns 
In this section, the industry concentration effect on the cross-section of average 
stock returns is investigated by evaluating the performance of quintile portfolios sorted 
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based on the Herfindahl index. In June of each year t, industries are sorted into quintiles 
based on their Herfindahl index. The portfolio returns are both equally-weighted and 
value-weighted calculated. Average monthly returns of these portfolios as well as the 
difference between quintile 5 (most concentrated) and quintile 1 (least concentrated) 
are reported and compared. 
To further examine whether industry concentration and firm efficiency are two 
determinants of stock returns, firms are double-sorted into 25 portfolios based on both 
Herfindahl index and efficiency scores. Specifically, in June of each year t, firms are 
allocated into quintile portfolios based on the Herfindahl index (HERF). These quintile 
portfolios are further sorted into quintile portfolios based on efficiency score (EFF). 
The equally-weighted monthly portfolio returns are then calculated for July of year t 
to June of year t + 1. When the four-corner portfolios are formed, the returns of these 
portfolios are compared to see how industry concentration and firm efficiency affect 
the average stock returns. The return comparison between firms in the 25 double-
sorted portfolios can be explained as follows: 
 High EFF Low EFF 
High HERF A B 
Low HERF C D 
 
Suppose each of the four firms (firm A, B, C, and D) belongs to each of the four-
corner portfolios. Assume that firm A is an EFFICIENT firm in a concentrated 
industry; firm B is an INEFFICIENT firm in a concentrated industry; firm C is an 
EFFICIENT firm in a competitive industry and firm D is an INEFFICIENT firm in a 
competitive industry. If returns are determined by concentration alone, firms with the 
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same level of industry concentration (firm A and firm B or firm C and firm D) should 
have similar returns. Similarly, if only efficiency has an impact, the returns of the two 
firms with the same level of efficiency (firm A and firm C or firm B and firm D) should 
be equal. However, if concentration and firm efficiency are two determinants of 
expected returns, firms at the four corner portfolios will appear to have different rates 
of returns coming from a concentration premium and an inefficiency premium. 
3.4.4 Fama – MacBeth cross-sectional regressions of stock returns 
To further examine the relationship between industry concentration, firm 
efficiency and average stock returns, the Fama and MacBeth (1973) cross-sectional 
regressions are employed each month over the period of 17 years from July 1996 to 
June 2013. Applying Fama and MacBeth (1973), the following estimation will be 
implemented: 
௝ܴǡ௧ାଵ ൌ ߜ଴ ൅ ߜଵሺܵ݅ݖ݁ሻ௝௧ ൅ ߜଶሺܤȀܯሻ୨୲ ൅ ߜଷܧܨܨ௝௧ ൅ ߜସܪܧܴܨ௝௧ ൅ ߜହܧܨܨ௝௧ כ ܪܧܴܨ௝௧ ൅ ߝ௝ǡ௧ାଵ
 (3.4) 
where Size is the market value of equity at the end of June of year t; Book-to-Market 
ratio (B/M) is the ratio of book value of equity at the end of fiscal year t − 1 divided 
by the market value of equity at the end of December of calendar year t – 1; and 
efficiency score (EFF) and Herfindahl index (HERF) are computed as of July of year 
t. 
 The regressions in equation (3.4) are applied for both firm-level and industry-
level returns. The firm-level regression is carried out by regressing monthly returns of 
individual stocks on the following factors: industry concentration (HERF), firm 
efficiency score (EFF), Size (market value of equity for individual firms) and Book-
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to-Market ratio (B/M). At the industry-level, monthly returns of industry portfolios are 
regressed on average characteristics of all firms in each industry.  
  These Fama and MacBeth (1973) cross-sectional regressions reinforce the 
robustness of the relationship between industry concentration, firm efficiency and 
average stock returns besides investigating the returns of quintile portfolios. 
 3.4.5 Vector autoregressive (VAR) estimation procedure 
Industry concentration and firm efficiency are proved to have a correlation with 
firm profitability (see, for example, Clarke et al. 1984). They are also linked to average 
stock returns through financial distress risk (see, Hou & Robinson 2006; Nguyen & 
Swanson 2009). However, in order to avoid a potential simultaneity bias between 
concentration and efficiency, their relationship needs to be examined under a dynamic 
framework, as suggested in McWilliams and Smart (1993). 
In this section, the relationship between stock return, industry concentration, 
firm efficiency and profitability is examined using the first-order vector autoregressive 
(VAR) approach. The VAR model is normally used as a framework to describe the 
interrelationship between those variables which are potentially simultaneously 
determined.  Following Vuolteenaho (2002), a general model for the VAR (1) can be 
written as follows: 
Xi,t = φXi,t-1 + ei,t  (3.5) 
where Xi,t is a matrix of four firm-specific state variables (including log of stock return 
(RET), industry concentration (HERF), firm efficiency (EFF), log of return on equity 
(ROE)); and ei,t is the error term which is distributed N(0,ߪ௑ଶሻ.  
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A vector of four firm-specific variables (Xi,t) are considered. Thus, the dynamic 
relationships between these variables generate a system of four equations. In each 
equation, the state variable is regressed on its own lag (Xt-1) and the lag of other 
variables in the system (Xi,t-1). The above VAR model (Equation 3.5) is estimated using 
weighted least squares applied to each equation. The procedure is similar to the 
methodology used by Fama and MacBeth (1973). The parameter estimates are reported 
as the average coefficient of all cross-sectional regressions for each state variable. Both 
firm-level and industry-level VAR are implemented. 
 3.5 RESULTS AND DISCUSSION 
3.5.1 Summary statistics for data sample 
Table 3.1 reports descriptive statistics and the Spearman-Pearson correlation 
of industry concentration measurements for all 20 industries (excluding industries in 
the financial sector). The Herfindahl index measures are calculated as the sum of the 
square of market shares for the firms in a given industry in each single year. Operating 
Revenues (Sales), Total Assets and Book Equity are used to estimate the Herfindahl 
index measures, denoted as H(Sales), H(Assets) and H(Equity), respectively. The 
industry concentration measures based on either Sales, Total Assets or Book Equity 
are compared in Table 3.1. 
From Panel A of Table 3.1, the mean value of H(Sales) is 0.459 and ranges 
from 0.09 (indicating a high competitive industry) to 1 (indicating a high concentrated 
industry). On average, H(Sales) is slightly higher than other concentration measures 
based on Assets (0.429) or Equity (0.416). The range of H(Assets) is from 0.081 to 1 
while H(Equity) ranges from 0.057 to 1.  
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Panel B of Table 3.1 shows the Spearman–Pearson correlation matrix among 
the three Herfindahl index measures. The results indicate that the three concentration 
measures are highly correlated. The correlation between H(Assets) and H(Equity) is 
0.986. However, the correlation between H(Sales) and H(Assets) as well as H(Sales) 
and H(Equity) decreases to 0.878 and 0.85, respectively. 
 
 Each firm in the sample obtains the Herfindahl index of the industry it belongs 
to as its concentration measure in a given year. Panel A of Table 3.2 reports descriptive 
statistics for the final sample which includes 12,579 firm-year observations over the 
period between 1995 and 2011. The mean market capitalization of all firms in the 
sample is $942.67 million, while the average values of B/M, Herfindahl index and 
efficiency score are 0.929, 0.29 and 0.5, respectively. 
Table 3.1: Summary Statistics 
Panel A: Summary of Industry Concentration Measures 
Panel A reports descriptive statistics of industry concentration measures for 20 GICS industries on the ASX 
(excluding industries in the financial sector) over the 1995 – 2011 period. The H(Sales) for an industry is formed 
by calculating the sum of the square of market shares (based on Sales) of all firms in that industry for a given 
year and then averaging over the past 3 years during the sample period. H(Assets) and H(Equity) are computed 
similarly, using Total Assets and Book Equity in place of Sales. 
Variable Obs. Mean Std. Dev. Med. Max. Min. 20% 40% 60% 80% 
H(Sales) 335 0.459 0.279 0.352 1.000 0.090 0.213 0.298 0.455 0.791 
H(Assets) 335 0.429 0.266 0.347 1.000 0.081 0.203 0.270 0.415 0.673 
H(Equity) 335 0.416 0.261 0.317 1.000 0.057 0.184 0.270 0.411 0.668 
Panel B: Spearman-Pearson Correlation 
Panel B presents the Spearman (above main diagonal) and Pearson (below main diagonal) correlation matrix 
between industry concentration measures. 
 H(Sales) H(Assets) H(Equity) 
H(Sales) 1.000 0.749 0.728 
H(Assets) 0.878 1.000 0.960 
H(Equity) 0.850 0.986 1.000 
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Panel B of Table 3.2 shows the correlations between each pair of the four 
variables including Size, B/M, Herfindahl index (HERF) and efficiency score (EFF). 
The results show that Size and B/M are negatively correlated, which is consistent with 
the majority of previous studies (see, for example, Fama & French 1992). The 
Efficiency score (EFF) is negatively correlated with B/M while there is little 
correlation between the Herfindahl index (HERF) and other variables. Specifically, the 
correlation between the Herfindahl index and the efficiency score is very low which 
suggests that those two variables may hold particular information. 
Table 3.2: Descriptive statistics and correlations for Size, Book-to-Market ratio, Herfindahl index and 
Efficiency scores 
This table reports descriptive statistics and the correlation of the four main variables: Size (market value of 
equity) at the end of June of each year t from 1996 to 2012; B/M (the ratio of book value equity at the end of 
fiscal year t – 1 divided by the market value of equity at the end of December of calendar year t – 1); the 
Herfindahl index (HERF) (the sum of squared sales-based market shares of all firms in an industry in a given 
year then averaged over the past 3 years during sample period); the efficiency score (EFF) obtained from the 
SFA estimation. The unit of measurement for Size is in million dollars; other variables are in decimals. 
Panel A: Summary Statistics 
Variable Obs. Mean Std. Dev. Min. Max. 
Size 12,579 942.669 8,065.098 0.016 256,805.900 
B/M 12,579 0.929 2.040 0.000 88.772 
HERF 12,579 0.290 0.189 0.090 1.000 
EFF 12,579 0.501 0.098 0.050 0.805 
Panel B: Correlation Matrix 
 Size B/M HERF EFF 
Size 1    
B/M -0.05 1   
HERF 0.03 0.001 1  
EFF 0.22 -0.481 0.061 1 
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3.5.2 Average characteristics of industry concentration and firm efficiency 
quintile portfolios 
Table 3.3 presents average characteristics for the concentration and efficiency 
quintile portfolios. The concentration quintiles are formed based on H(Sales) while the 
efficiency quintiles are constructed based on efficiency scores. Then, according to each 
quintile from 1 to 5, average characteristics are reported. The characteristics, which 
are reported, include: Industry concentration H(Sales), Firm efficiency (Efficiency), 
market equity of firms (Size), Total Assets, Operating Revenues (Sales), Long-term 
debt scaled by Total Assets (Ltdebt/Ass), Leverage (Lev.), Earnings before interest, 
taxes, depreciation and amortization divided by Total Assets (EBITDA/Ass), and 
Book-to-Market ratio (B/M).  
Panel A of Table 3.3 presents the mean characteristics of concentration 
quintiles. Quintile 1 is equivalent to the 20% of the industries with the lowest 
concentration, while quintile 5 corresponds to the 20% of the industries with the 
highest concentration. 
The spread in H(Sales) is relatively large; the mean H(Sales) are 0.171 and 
0.621 for the least and most concentrated quintiles, respectively. The average 
efficiency score is approximately 0.5 and roughly constant across concentration 
quintiles. This may suggest that industry concentration and firm efficiency variation 
does not follow any specific pattern. 
The average Size, Total Assets and Operating Revenues (Sales) seem to follow 
the same pattern. These measures are considerably higher for the most concentrated 
industry. For example, the average Size for quintile 5 ($1,437.420 million) is higher 
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than the average Size of quintile 1 ($911.523 million). In addition, the average Total 
Assets increases significantly from $313.186 million in quintile 1 to $890.965 million 
in quintile 5. Similarly, average Operating Revenues (Sales) range from $326.972 
million for the least concentrated quintile to $798.842 million for the most 
concentrated quintile. In general, firms in a concentrated industry seem to have larger 
Size, higher value of Total Assets and greater Operating Revenues (Sales). 
Table 3.3: Characteristics of Quintile Portfolios Sorted by H(Sales) and Efficiency scores 
This table reports industry average characteristics of quintile portfolios sorted by H(Sales) and Efficiency scores over the 1995 
- 2011 period. In Panel A, all firms are sorted into quintile portfolios based on H(Sales). Quintile 1 includes the 20% of industries 
with the lowest concentration, while Quintile 5 corresponds to the 20% of industries with the highest concentration. Likewise, 
Panel B presents average characteristics of efficiency quintile portfolios. Quintile 1 includes the 20% of firms with the lowest 
efficiency scores (or INEFFICIENT firms), while Quintile 5 corresponds to the 20% of firms with the highest efficiency scores 
(or EFFICIENT firms). Size is the market equity of firms at the end of June of year t, Ltdebt/Ass is the Long-term debt scaled 
by Total Assets. Leverage (Lev.) is the ratio of total liabilities to total market value of firms. EBITDA/Ass is the ratio of Earnings 
before interest, taxes, depreciation and amortization divided by Total Assets. B/M is the ratio of book equity to market equity. 
The units of measurement for Size, Total Assets, and Sales are in million dollars; other variables are in decimals. 
Panel A: Characteristics of Quintile Portfolios Sorted by H(Sales) 
Quintile H(Sales)  Efficiency Size Total Assets Sales Ltdebt/Ass Lev. EBITDA/Ass B/M 
1 0.171 0.496 911.523 313.186 326.972 0.092 1.198 -0.033 0.983 
2 0.214 0.472 1,059.250 544.806 350.987 0.068 0.662 -0.132 0.861 
3 0.242 0.480 825.791 359.718 285.197 0.079 0.718 -0.014 0.970 
4 0.315 0.477 512.930 336.998 251.462 0.092 0.761 -0.105 0.930 
5 0.621 0.492 1,437.420 890.965 798.842 0.086 0.897 -0.157 0.835 
Panel B: Characteristics of Quintile Portfolios Sorted by Efficiency scores 
Quintile Efficiency  H(Sales) Size Total Assets Sales Ltdebt/Ass Lev. EBITDA/Ass B/M 
1 0.381 0.289 12.206 70.893 58.119 0.058 1.993 -0.204 2.471 
2 0.441 0.294 48.872 135.851 92.224 0.065 0.694 -0.146 0.989 
3 0.480 0.309 247.141 475.101 336.235 0.079 0.431 0.148 0.623 
4 0.521 0.312 708.387 847.487 619.318 0.078 0.247 -0.089 0.355 
5 0.596 0.329 4,218.100 1,108.752 912.442 0.066 0.074 -0.206 0.094 
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Except quintile 1, leverage appears to be higher for more concentrated industry. 
The average leverage ratio for competitive industry in quintile 1 is 1.198, and then 
increases monotonically from 0.662 (Quintile 2) to 0.897 (Quintile 5). The average 
values of Book-to-Market ratio (B/M) and Long-term debt scaled by Total Assets 
(Ltdebt/Ass) are largely flat across concentration quintiles. 
Likewise, Panel B of Table 3.3 reports mean characteristics for the efficiency 
quintiles. The spread between efficiency quintiles is not as large as concentration 
quintiles. The Efficiency scores are 0.381 and 0.596 for the least and most EFFICIENT 
quintiles, respectively. The mean Herfindahl index increases from 0.289 for the 
INEFFICIENT quintile to 0.329 for the most EFFICIENT quintile. Average market 
equity of firms (Size), Total Assets and Operating Revenues (Sales) appear to be 
positively correlated with firm efficiency scores. These measures increase 
monotonically across efficiency quintiles. The values of Size, Total Assets, and 
Operating Revenues (Sales) range from $12.206, $70.893, and $58.119 million (in 
quintile 1) to $4,218.1, $1,108.752, and $912.442 million (in quintile 5), respectively. 
In contrast, the average leverage and Book-to-Market ratios decrease 
monotonically across efficient quintiles. For instance, the average leverage ranges 
from 0.074 for the EFFICIENT quintile, to 1.993 for the INEFFICIENT quintile. Also, 
the mean value of Book-to-Market ratio varies from 2.471 to 0.094 for the least and 
most EFFICIENT quintiles, respectively. The ratios of Long-term debt scaled by Total 
Assets and EBITDA scaled by Total Assets are roughly flat across the efficiency 
quintiles. 
Previous studies argue that firm efficiency and industry concentration are 
related to each other as they both have an impact on a firm’s market share and 
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profitability which in turn affect equity returns.18 However, their effects on average 
stock returns through the two channels might be different depending upon how they 
affect a firm’s performance. Therefore, in the next section, the double-sorted portfolios 
are formed based on industry concentration and firm efficiency to further investigate 
the joint effect between the two factors. The average characteristics of these portfolios 
are then examined. 
Table 3.4 reports average market share and operating profit (EBITDA) of 25 
portfolios formed based on industry concentration (HERF) and Efficiency scores 
(EFF). At the end of June of year t, all stocks in the sample are sorted into quintiles 
based on their Herfindahl index (HERF). The competitive quintile (Low HERF) 
includes all firms in the 20% lowest Herfindahl index group, and concentrated quintile 
(High HERF) comprises 20% of firms with the highest Herfindahl index. Controlling 
for HERF, firms are then sorted into quintiles based on their efficiency scores. 
Correspondingly, these quintile portfolios are defined as the INEFFICIENT portfolio 
(Low EFF) and the EFFICIENT portfolio (High EFF). Together, there are 25 
intersection portfolios which are mainly used in the subsequent analysis. The four-
corner portfolios are specifically examined including: Low HERF/Low EFF, the High 
HERF/Low EFF, the Low HERF/High EFF, the High HERF/High EFF portfolios. 
 
 
 
                                                          
18 See, for example, Ravenscraft (1983); McWilliams and Smart (1993). 
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Table 3.4: Average market share and firm earnings (EBITDA) of portfolios sorted by 
Herfindahl index (HERF) and Efficiency scores (EFF) 
This table presents the average market share and firm earnings (EBITDA) of 25 portfolios sorted by 
HERF and EFF. In June of each year t, t=1996 to 2012, quintile portfolios are formed based on HERF. 
Each quintile portfolio is then sorted into quintile portfolios based on EFF. Panel A reports the 
average market share, and Panel B reports the mean of EBITDA (in million dollars) of the 25 
portfolios sorted based on HERF and EFF. The unit of measurement for EBITDA is in million dollars 
while market share is in decimals. 
Panel A: Average market share of portfolios sorted by HERF and EFF 
 Low EFF 2 3 4 High EFF H-L EFF 
Low HERF 0.017 0.019 0.044 0.049 0.039 0.022 
2 0.027 0.014 0.044 0.052 0.033 0.006 
3 0.018 0.034 0.039 0.076 0.044 0.026 
4 0.021 0.048 0.072 0.094 0.101 0.080 
High HERF 0.040 0.064 0.181 0.141 0.132 0.092 
H-L HERF 0.023 0.045 0.137 0.092 0.093  
Panel B: Average firm earnings (EBITDA) of portfolios sorted by HERF and EFF 
 Low EFF 2 3 4 High EFF H-L EFF 
Low HERF 8.880 18.300 36.000 63.500 86.200 77.320 
2 4.690 2.584 57.200 165.000 203.000 198.310 
3 5.206 6.948 26.400 112.000 161.000 155.794 
4 3.440 17.000 36.500 103.000 64.000 60.560 
High HERF 3.031 36.200 83.700 181.000 380.000 376.969 
H-L HERF -5.849 17.900 47.700 117.500 293.800  
In Panel A of Table 3.4, the market shares for the 25 intersection portfolios are 
reported. Controlling for industry concentration, the results show that portfolios with 
a higher average efficiency level tend to have higher market shares. For example, in 
the competitive (Low HERF) quintile, the average market share for the EFFICIENT 
portfolio is 0.039 while that of the INEFFICIENT one is 0.017. It is also the case for 
the concentrated (High HERF) quintile where the mean market shares are 0.132 and 
0.04 for High and Low EFF portfolios, respectively. Not surprisingly, when 
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controlling for firm efficiency, more concentrated portfolios appear to have higher 
average market shares than competitive portfolios. This result implies that firms in a 
more concentrated industry gain more market power and, hence, dominate the market. 
Panel B of Table 3.4 reports average earnings (EBITDA) of the 25 portfolios 
double-sorted by HERF and EFF.  The results point out that the more efficient firms 
earn more operating profit than the less efficient firms when controlling for industry 
concentration. For instance, in the least concentrated quintile, the EFFICIENT 
portfolios earn, on average, $86.2 million while the INEFFICIENT earn $8.88 million 
for EBITDA. In the most concentrated quintile, the mean EBITDA increases from 
$3.03 million for the INEFFICIENT portfolio to $380 million for the EFFICIENT 
portfolio. Similarly, when firm efficiency is fixed, four out of five efficient quintiles 
(except quintile 1) show that more concentrated quintiles achieve higher earnings than 
less concentrated quintiles. 
Interestingly, the results in Panels A and B of Table 3.4 suggest that although 
concentration and efficiency affect a firm’s market share and earnings, the extent of 
these effects is different.  In Panel A, the spread in market share across concentration 
quintiles (H-L HERF) is larger than the differences across efficiency quintiles (H-L 
EFF). On the other hand, in Panel B, the spread in EBITDA between concentrated and 
competitive quintiles (H-L HERF) is smaller than the spread of Efficiency quintiles 
(H-L EFF) in firm earnings. This implies that industry concentration appears to be 
associated with market share more than firm earnings, while the efficiency effect is 
stronger for firm earnings than for market share. These results are consistent with the 
Hypothesis 3.2 that industry concentration and firm efficiency affect a firm’s 
performance or stock returns differently and independently. 
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3.5.3 Returns for portfolios sorted by industry concentration and firm 
efficiency 
Table 3.5 reports the average monthly firm-level returns of the equally-weighted 
and value-weighted portfolios sorted based on the Herfindahl index (HERF).  
In Panel A of Table 3.5, average monthly firm-level returns are computed by 
equally weighting firms within each concentration portfolio. Looking across 
concentration quintiles, firms in the least concentrated (most competitive) industry 
earn an average return of -1.05% per month which increases to -0.69% per month for 
the most concentrated quintile. The spread in returns between the most concentrated 
and the most competitive industries is 0.36% per month (not statistically significant). 
Panel B of Table 3.5 presents average monthly firm-level returns for value-
weighted portfolios sorted based on H(Sales). The high concentrated firms experience 
higher average monthly returns than the low concentrated (more competitive) firms. 
Specifically, firms in the High concentrated industry earn -0.45% per month while 
firms in the most competitive industry obtain -2.79% per month. The statistics show 
that the mean return of the SPREAD portfolio (long position in most concentrated 
industry and short position in least concentrated industry) is 2.34% per month and is 
statistically significant at the 10% level. Thus, on average, firms in a more 
concentrated industry outperform those in a more competitive industry.19 
 
                                                          
19 In an unreported robustness check, the concentration quintile portfolio returns are examined using 
either monthly excess returns or benchmark-adjusted returns, following Daniel et al. (1997), to calculate 
the average returns of each portfolio. Similar results are obtained. 
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Table 3.5: Average monthly firm-level returns of equally-weighted and value-weighted portfolios formed 
on H(Sales) 
This table presents the distribution of average returns for all 5 H(Sales) portfolios and the SPREAD portfolio. 
Panel A and Panel B report the average returns for the 5 equally-weighted and value-weighted portfolios, 
respectively. The SPREAD portfolio is a zero-cost portfolio that has a long position in the High HERF portfolio 
and short position in the Low HERF portfolio. The return series for the SPREAD portfolio is the difference 
between the High HERF portfolio return and the Low HERF portfolio return. All portfolios are rebalanced each 
year. Returns are reported in decimals. *, **, and *** represent significance at the 10%, 5% and 1% levels, 
respectively. 
Panel A: Average Monthly Returns for Equally-weighted H(Sales) Portfolios 
HERF Portfolios Mean Std. Dev. Med. Max. Min. 
Low -0.0105* 0.0897 -0.0101 0.2348 -0.4060 
2 -0.0017 0.0765 0.0058 0.2251 -0.3700 
3 -0.0118* 0.0948 -0.0054 0.2646 -0.4315 
4 -0.0079* 0.0694 0.0035 0.1689 -0.2657 
High -0.0069 0.0635 -0.0036 0.1722 -0.2067 
SPREAD (H-L) 0.0036 0.0570 0.0037 0.1993 -0.2059 
Panel B: Average Monthly Returns for Value-weighted H(Sales) Portfolios 
HERF Portfolios Mean Std. Dev. Med. Max. Min. 
Low -0.0279* 0.2160 -0.0051 0.6920 -1.3712 
2 -0.0101 0.1216 0.0012 0.6784 -1.0241 
3 -0.0198* 0.1118 -0.0054 0.5165 -0.5064 
4 -0.0034 0.0542 0.0003 0.1243 -0.2059 
High -0.0045 0.0480 0.0039 0.1190 -0.2140 
SPREAD (H-L) 0.0234* 0.2072 0.0055 1.3738 -0.7382 
 
Given concentration is more likely an attribute of an industry rather than of a 
firm, different methods for measuring portfolios’ returns need to be examined. 
Following Hou and Robinson (2006), the industry-level returns of quintile portfolios 
sorted based on HERF are also reported in Table 3.6. The industry-level returns are 
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calculated for each concentration quintile by averaging the returns of all firms in the 
industry portfolios. 
Table 3.6: Average monthly industry-level returns of equally-weighted and value-weighted portfolios 
formed on H(Sales) 
This table presents the distribution of average industry-level returns for all 5 H(Sales) portfolios and the 
SPREAD portfolio. Panel A and Panel B report the average industry-level returns for the 5 equally-weighted and 
value-weighted portfolios, respectively. The SPREAD portfolio is a zero-cost portfolio that has a long position 
in the High HERF portfolio and short position in the Low HERF portfolio. The return series for the SPREAD 
portfolio is the difference between the High HERF portfolio return and the Low HERF portfolio return. All 
portfolios are rebalanced each year. Returns are reported in decimals. *, **, and *** represent significance at the 
10%, 5% and 1% levels, respectively. 
Panel A: Average monthly industry-level returns for Equally-weighted H(Sales) Portfolios 
HERF Portfolios Mean Std. Dev. Med. Max. Min. 
Low -0.0113*** 0.0286 -0.0091 0.0370 -0.0710 
2 -0.0022 0.0268 0.0025 0.0769 -0.0536 
3 -0.0136*** 0.0332 -0.0052 0.0378 -0.0774 
4 -0.0088*** 0.0285 -0.0004 0.0278 -0.0798 
High -0.0070*** 0.0208 -0.0051 0.0260 -0.0553 
SPREAD (H-L) 0.0043*** 0.0222 0.0033 0.0573 -0.0428 
Panel B: Average monthly industry-level returns for Value-weighted H(Sales) Portfolios 
HERF Portfolios Mean Std. Dev. Med. Max. Min. 
Low -0.0125*** 0.0313 -0.0111 0.0400 -0.0789 
2 -0.0015 0.0270 -0.0019 0.0943 -0.0522 
3 -0.0153*** 0.0362 -0.0052 0.0378 -0.0933 
4 -0.0081*** 0.0291 0.0025 0.0269 -0.0798 
High -0.0081*** 0.0315 -0.0008 0.0388 -0.1037 
SPREAD (H-L) 0.0044*** 0.0258 0.0065 0.0501 -0.0557 
 
In Table 3.6, the industry-level returns reflect similar results at the firm-level. 
Specifically, the average monthly returns for the equally-weighted portfolios are -
1.13% for the least concentrated portfolio and -0.7% for the most concentrated 
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portfolio. Similarly, for the value-weighted portfolios, the most concentrated industry 
also outperforms the most competitive industry. The average monthly returns for these 
portfolios are -0.81% and -1.25%, respectively. The concentration spreads are 0.43% 
and 0.44% for the equally-weighted and value-weighted portfolios, respectively. There 
is a large statistically significant spread between the most concentrated and the most 
competitive quintiles. Therefore, it can be seen that firms in a more concentrated 
industry, on average, earn higher stock returns than firms in a more competitive 
industry on the Australian stock market. Contrary to Hypothesis 3.1, that industry 
concentration is negatively associated with average stock returns in the Australian 
market, a positive relationship is found over the 1995 – 2013 period. This result is also 
opposite to the finding of Hou and Robinson (2006), who find that firms in more 
concentrated industry earn lower returns than firms in more competitive industry for 
the U.S. market.20 Therefore, Hypothesis 3.1 is not supported. One possible 
explanation for the positive relationship is that, unlike U.S., firms in concentrated 
industry are more likely to generate large monopoly profits compared to the others due 
to less regulatory restriction in Australia (see, Gallagher et al. 2014). Therefore, these 
steady cash flows and the larger profitability of firms in highly concentrated industries 
may positively affect average stock returns, rather than the lower distress risk in these 
industries. In other words, to some extent, the market is driven by the level of firm 
profitability. 
In the following section, all stocks are allocated into 25 intersection portfolios 
based on their Herfindahl index and Efficiency scores (as discussed in section 3.5.2, 
Table 3.4). Then, the average returns of these portfolios are investigated to test the 
                                                          
20 This result reconfirms the findings of Gallagher et al. (2014) who find that dominant Australian firms 
in concentrated industry will earn higher risk-adjusted excess returns over the 1993 – 2007 period. 
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second hypothesis in this chapter (H3.2): “Firm efficiency and industry concentration 
have separate effects on average stock returns”. It is expected to see variations in 
average stock returns across the HERF and EFF quintiles (see Table 3.7).  
More specifically, in Table 3.7, when controlling for either industry 
concentration or firm efficiency, the portfolio returns vary across efficiency or 
concentration quintiles accordingly. For example, looking across efficiency quintile 
portfolios, the average returns of these portfolios decrease nearly monotonically while 
industry concentration is controlled. 
 
 
Similarly, holding firm efficiency constant, returns also vary across 
concentration portfolios. Generally, in the INEFFICIENT groups (Quintiles 1, 2, and 
3), returns tend to increase across the HERF portfolios. However, in the EFFICIENT 
groups (Quintiles 4 and 5), returns tend to decrease across HERF portfolios. 
Table 3.7: Average monthly returns on portfolios formed on Herfindahl index and Efficiency 
scores 
This table presents the average monthly returns of portfolios sorted based on Herfindahl index (HERF) 
and Efficiency scores (EFF). In June of each year t between 1996 and 2012, quintile portfolios are formed 
based on HERF. Each quintile portfolio is further sorted into quintiles based on EFF. The equally-
weighted monthly portfolio returns are then calculated for the period between July of year t and June of 
year t + 1. 
 Low EFF 2 3 4 High EFF 
Low HERF -0.001 -0.005 -0.010 -0.005 -0.019 
2 0.010 -0.003 -0.006 -0.008 -0.029 
3 0.002 -0.008 -0.010 -0.018 -0.039 
4 0.011 -0.002 -0.010 0.001 -0.022 
High HERF 0.001 -0.002 -0.007 -0.013 -0.030 
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Importantly, high-to-low order in returns of the four corner portfolios is as 
follows: High-HERF/Low-EFF (0.001), Low-HERF/Low-EFF (-0.001), Low-
HERF/High-EFF (-0.019), and High-HERF/High-EFF (-0.030). Therefore, the results 
show that INEFFICIENT firms in the most concentrated industry earn the highest 
returns, while EFFICIENT firms in the most concentrated industry earn the lowest 
returns. It appears that in the more efficient portfolios (Quintiles 4 and 5), the 
efficiency effect seems to be stronger than the concentration effect. Therefore, these 
results support the second hypothesis (H3.2) that industry concentration and firm 
efficiency have separate effects on average stock returns. 
3.5.4 Fama – MacBeth cross-sectional regressions of firm-level and 
industry-level returns 
Table 3.8 presents the results of the Fama and MacBeth (1973) cross-sectional 
regressions of monthly stock returns on Herfindahl index, Efficiency scores and other 
characteristics such as Firm Size and Book-to-Market ratio. These Fama and MacBeth 
(1973) regressions are often used to test and reconfirm that the results in the quintile 
approach (section 3.5.3) are robust. Further, the relationship between industry 
concentration, firm efficiency and average returns is also examined when other firm 
characteristics are controlled in these regressions.  
More specifically, monthly stock returns are regressed on the Herfindahl index, 
Efficiency score and other characteristics such as Firm Size and Book-to-Market ratio. 
In these regressions, logarithm of Size and logarithm of Book-to-Market are used to 
be consistent with previous studies (e.g., Fama & French 1992). After all, the reported 
coefficients are estimated by averaging the slopes of each monthly cross-sectional 
regression over the period from July 1996 to June 2013.  
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In Panel A of Table 3.8, monthly stock returns of individual firms are regressed 
on industry concentration H(Sales) and other firm characteristics such as: Ln(Size), 
Ln(B/M) and Efficiency scores.  Models 2, 3, and 4 also show the results of univariate 
regressions of monthly stock returns on firm Size, Book-to-Market and Efficiency 
scores. In these regressions (models 2, 3, and 4), returns of individual firms are 
positively and highly significant related to Book-to-market, and negatively related to 
Size, and Efficiency scores. Further, model 5 examines the industry concentration and 
firm efficiency effects on monthly stock returns, controlling for other characteristics. 
The results show that while industry concentration has a positive effect on stock 
returns, firm efficiency has a negative effect. The positive coefficient on industry 
concentration suggests that firms in a more concentrated industry earn, on average, 
higher returns than firms in a competitive industry, which is consistent with previous 
results from quintile portfolios (section 3.5.3) and is contrary to Hypothesis 3.1. The 
parameter for industry concentration is 0.01 and is statistically significant at the 10% 
level, while the parameter for firm efficiency is -0.096 and is highly significant with a 
t-statistic of –2.92. Consistent with results in Chapter 2, firm efficiency appears to 
subsume the information present in Firm Size.  
In model 6, the interaction term between industry concentration and firm 
efficiency is included in the Fama and MacBeth (1973) regression. The positive 
coefficient on the interaction term may indicate that the effect of firm efficiency on 
average stock returns diminishes with an increase in industry concentration. However, 
the coefficient on the interaction term is not statistically significant, suggesting that 
firm efficiency and industry concentration are independently affecting the cross-
section of stock returns in the Australian market. 
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Panel B of Table 3.8 reflects the above analysis with a substitution of firm-level 
returns with industry portfolio returns and uses industry average characteristics of Size, 
Book-to-Market, and Efficiency instead. Moreover, using the industry-level 
regressions provides an opportunity to compare and check the robustness of the results 
between industry-level analysis and firm-level analysis. The results in Panel B are 
relatively similar to those reported in the firm-level regressions.  
Specifically, in Panel B, industry portfolio returns are regressed on industry 
concentration measure H(Sales) and industry average values of Ln(Size), Ln(B/M) and 
Efficiency scores. In the univariate regressions (models 1, 2, 3 and 4), the results show 
a statistically significant relationship between industry monthly stock returns and 
industry concentration, industry average values of size, book-to-market and efficiency 
scores. While industry average returns are positively related to industry concentration 
and industry Book-to-Market, they are negatively related to industry Size, and industry 
Efficiency scores. In the multivariate regression (model 5), industry concentration and 
firm efficiency show similar effects on stock returns to those obtained in the firm-level 
regression. The average estimate for industry concentration is 0.019 and is highly 
significant with a t-statistic of 4.09, while the average estimate for efficiency at 
industry-level is -0.083 and is significant with a t-statistic of -2.40. Moreover, the 
coefficient on Ln(Size) becomes statistically significant, suggesting that the industry 
Size is negatively related to industry average returns, even after controlling for other 
average industry characteristics. 
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Table 3.8: Fama – MacBeth cross-sectional regression of industry-level and firm-level returns 
This table presents the results from firm-level (Panel A) and industry-level (Panel B) of Fama and MacBeth 
(1973) cross-sectional regressions between July 1996 and June 2013. Monthly returns are regressed on 
Ln(Size), Ln(Book-to-Market), Efficiency Scores (EFF), and H(Sales) measure. Size is the market value of 
equity at the end of June of year t. Book-to-Market (B/M) ratio is the ratio of book value of equity at the end 
of fiscal year t – 1 divided by the market value of equity at the end of December of calendar year t – 1. 
Efficiency score is calculated at the end of June of year t. H(Sales) is the industry concentration measure 
(Herfindahl index) to which each stock belongs. Average parameter values are time-series averages; t-statistics 
are reported in parentheses. *, **, and *** represent significance at the 10%, 5%, and 1% levels, respectively. 
Independent 
Variables MODEL1 MODEL2 MODEL3 MODEL4 MODEL5 MODEL6 
Panel A: Firm-level regressions 
Intercept -0.012 0.067*** 0.026 -0.001 0.012 0.013 
 (-1.54) (6.02) (1.37) (-0.16) (0.53) (0.49) 
H(Sales) 0.004    0.010* 0.004 
 (0.59)   (1.74) (0.12) 
Efficiency score  -0.163***   -0.096*** -0.096** 
  (-9.02)   (-2.92) (-2.55) 
Ln(Size)   -0.002***  0.001 0.001 
.   (-2.63)  (1.24) (1.23) 
Ln(B/M)    0.009*** 0.006*** 0.006*** 
.    (9.54) (4.18) (4.24) 
H(Sales)*Efficiency      0.008 
      (0.13) 
Panel B: Industry-level regressions 
Intercept -0.013*** 0.087*** 0.034* -0.007** 0.072** 0.118** 
. (-3.25) (3.51) (1.71) (-2.04) (2.38) (2.52) 
H(Sales) 0.004*    0.019*** -0.082 
 (1.87)    (4.09) (-1.27) 
Efficiency score  -0.199***   -0.083** -0.236** 
  (-4.01)   (-2.40) (-2.23) 
Ln(Size)   -0.002**  -0.002** -0.001** 
.   (-2.07)  (-2.26) (-2.42) 
Ln(B/M)    0.014*** 0.017*** 0.020*** 
.    (6.10) (3.68) (3.21) 
H(Sales)*Efficiency      0.252 
      (1.11) 
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Similar to the firm-level regressions, the interaction term between industry 
concentration and industry efficiency scores is included in model 6. Once again, the 
result shows a positive but insignificant coefficient on the interaction term. Therefore, 
industry concentration and industry efficiency independently affect the industry 
average returns. 
In short, not only average returns of individual firms but those of industries are 
also related to industry concentration. As expected, the results at industry-level 
analysis are consistent with those at firm-level. Moreover, the Fama and MacBeth 
(1973) regressions suggest that industry concentration and firm efficiency have 
independent effects on average stock returns. Specifically, INEFFICIENT firms and 
firms in highly concentrated market earn, on average, higher average returns than 
EFFICIENT firms or firms with a low industry concentration measure. The results 
persist even after Size and Book-to-Market are taken into account. Therefore, while 
Hypothesis 3.2 is supported, the empirical results provide contrary evidence to 
Hypothesis 3.1. 
3.5.5 The dynamics of industry concentration and firm efficiency 
In this section, the relations between stock return (RET), industry concentration 
(HERF), firm efficiency (EFF) and profitability (ROE) are examined in a dynamic 
framework using both firm-level and industry-level VAR analyses. 
Panel A of Table 3.9 reports the coefficient matrix between the four state 
variables at the firm-level VAR. The results in the first row show that the current year 
returns are positively and significantly related to lagged one-year returns and profits 
(ROE) which is consistent with previous literature (see, for example, Haugen & Baker 
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1996; Vuolteenaho 2002). On the other hand, industry concentration and firm 
efficiency are negatively related to the subsequent year return. However, the effect of 
lagged HERF and lagged EFF on stock returns is statistically insignificant.  
In the second row of Panel A, industry concentration tends to be high when past 
one-year returns are low. The lagged one year returns may negatively explain 1.1% of 
the change in current industry concentration measure with a t-statistic of -2.81. In 
addition, lagged HERF, lagged EFF and lagged ROE show no statistical power in 
explaining the current industry concentration measure.  
In the third row, for the efficiency effect, the results indicate that efficiency is 
negatively (but insignificantly) related to lagged HERF. Meanwhile, current efficiency 
tends to be high when past one year return and ROE are high. The coefficients of 
lagged return and lagged ROE on current efficiency are 0.5% (t-statistic = 2.44) and 
2% (t-statistic = 11.08), respectively. This result implies that firms with higher returns 
and profitability tend to become more efficient in the subsequent year.21 
The last row of Panel A indicates that firms with higher returns and profitability 
in the past year tend to become more profitable. The coefficients of lagged return and 
lagged ROE are 0.5% (t-statistic = 3.29) and 102.1% (t-statistic = 643.35), 
respectively. Moreover, ROE appears to follow an autoregressive AR(1) process. Both 
lagged HERF and lagged EFF have no statistical power in explaining the current ROE.  
 
                                                          
21 For a robustness test, similar results are found in a two-lag VAR procedure. This suggests that the 
effect of firm efficiency on industry concentration, and vice versa, may take more than two years to be 
realized. In addition, EFF appears to follow an AR(2) process. 
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Table 3.9: Parameter estimates for firm- level and industry-level VAR 
This table reports the coefficient matrix of the firm-level and industry-level VAR analysis. A vector of 
four state variables are examined including RET, HERF, EFF, and ROE. RET is the log of stock return, 
HERF is the Herfindahl index, EFF is the efficiency score, and ROE is the log of return on equity. For 
each cross-section, each of the state variables is regressed against the lag of the other variables and its 
own lag. Average parameter values are time-series averages; t-statistics are reported in parentheses. *, 
**, and *** represent significance at the 10%, 5%, and 1% levels, respectively. 
Panel A: Firm-level VAR 
 RET(t-1) HERF(t-1) EFF(t-1) ROE(t-1) 
RET(t) 0.239*** -0.173 -0.381 0.044** 
 (10.72) (-1.36) (-1.36) (1.99) 
HERF(t) -0.011*** -0.037 -0.007 -0.006 
 (-2.81) (-1.589) (-0.143) (-1.496) 
EFF(t) 0.005** -0.012 0.036 0.020*** 
 (2.44) (-1.11) (1.56) (11.08) 
ROE(t) 0.005*** -0.009 -0.027 1.021*** 
 (3.29) (-0.98) (-1.35) (643.35) 
Panel B: Industry-level VAR 
 RET(t-1) HERF(t-1) EFF(t-1) ROE(t-1) 
RET(t) 0.990*** 0.003 -0.001 0.004 
 (269.25) (0.93) (-0.01) (1.55) 
HERF(t) -0.073*** 0.720*** 0.594*** -0.026** 
 (-4.45) (45.40) (3.57) (-2.15) 
EFF(t) 0.001 0.000 0.985*** 0.000 
 (1.50) (0.16) (229.78) (-1.57) 
ROE(t) 0.008 -0.010* -0.016 0.986*** 
 (1.39) (-1.85) (-0.29) (245.38) 
 
96 
 
At the firm-level VAR, market concentration and firm efficiency do not show 
any relation to the other variables in the subsequent year. Thus, the dynamic 
relationship between returns, industry concentration, firm efficiency and profitability 
are further investigated at the industry-level VAR. 
Panel B of Table 3.9 presents the results for the industry-level VAR. The 
industry-level VAR process is similar to that of firm-level VAR where the four state 
variables are calculated by averaging these values within each industry in a given year. 
Again, the industry portfolio returns are positively and significantly related to the 
lagged industry returns. The coefficient on the lagged industry returns is 99% and 
highly significant. In contrast, the lagged HERF, EFF and ROE have no explanatory 
power on industry-level returns. 
Interestingly, the industry concentration measure tends to be related to all other 
lagged variables at the industry-level, including the lagged average industry returns, 
lagged industry efficiency and lagged industry ROE. As HERF is an attribute of an 
industry, it might be compatible. In the second row of Panel B, the current HERF tends 
to be high when the past year returns are low. In addition, HERF appears to follow an 
AR(1) process with a coefficient of 72% (t-statistic = 45.4). More importantly, an 
industry with more efficient firms tends to become more concentrated. The parameter 
estimate on lagged EFF is 59.4% with a t-statistic of 3.57. Moreover, the coefficient 
of lagged ROE on current HERF is -2.6% with a t-statistic of -2.15. This result implies 
that average industry profitability is negatively related to industry concentration in the 
subsequent year.22 
                                                          
22 This result is consistent with Ravenscraft’s (1983) finding that “market share was significantly 
positively correlated to profitability while concentration was negatively correlated to profitability”. 
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The third row of Panel B indicates that only lagged efficiency has an impact on 
current average efficiency scores of the industry portfolios. It implies that firm 
efficiency appears to follow an AR(1) process at the industry-level. 
Finally, the last row of Panel B indicates that the lagged industry concentration 
is negatively related to current industry ROE. Moreover, industry with higher ROE 
continues to maintain its superior profitability level in the subsequent year. 
To sum up, at the firm-level, the results do not show any correlation between 
firm efficiency and industry concentration in the one lag VAR analysis, which supports 
the second hypothesis (H3.2) and the S/C/P paradigm for a random effect of these two 
factors on stock returns. Moreover, at the industry-level, there is some empirical 
evidence that an industry with more EFFICIENT firms tends to become more 
concentrated in the subsequent year, consistent with the prediction of Demsetz (1973). 
3.6 CONCLUSIONS 
Prior research has documented that the structure of the product market affects 
the average returns of equity in the financial markets. For example, Hou and Robinson 
(2006) document a negative relationship between industry concentration and average 
stock returns for the U.S. based on two risk-based channels: innovation risk and 
distress risk. Given that firms’ size and regulatory environment in Australia are 
different from those of U.S. (Gallagher et al. 2014), it is necessary to investigate the 
relationship between industry concentration and average stock returns for all listed 
firms on the ASX during the 1995 – 2013 period. More importantly, this chapter 
examines the joint effect of industry concentration and firm efficiency in explaining 
the cross-section of average stock returns in the Australian market. 
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Contrary to Hypothesis 3.1, industry concentration is found to be positively 
related to the average stock returns in the Australian market. Specifically, firms in 
more concentrated industries, on average, earn higher returns than firms in more 
competitive industries. Among the equally-weighted and value-weighted portfolios 
sorted based on industry concentration, average monthly returns of the most 
concentrated industry outperform those of the most competitive industry. The positive 
association persists in both firm-level and industry-level analysis.  
Industry concentration also shows a positive significant relationship with 
average stock returns after controlling for Size, Book-to-Market and Efficiency scores 
in the Fama and MacBeth (1973) cross-sectional regressions, which is contrary to 
Hypothesis 3.1. Although industry concentration is found to be more related to average 
stock returns at the industry-level, the efficiency effect is proved to be stronger for 
firm-level regressions. Efficiency appears to be an attribute of a firm, whereas market 
concentration is that of an industry. It might be the reason why firm efficiency 
particularly relates more to firm earnings while industry concentration associates more 
with market shares in the analysis, which is consistent with the second hypothesis. 
There is an ongoing debate on the joint effect of industry concentration and firm 
efficiency on average stock returns. However, empirical evidence supports the view 
that both efficiency and market concentration are at work simultaneously. Specifically, 
the four-corner portfolios show that firms in the lowest efficiency and highest 
concentration portfolios earn highest abnormal returns, while firms in the highest 
efficiency and highest concentration portfolios earn lowest abnormal returns. As 
expected, controlling for concentration effect, the returns of twenty-five portfolios 
99 
 
sorted based on both concentration and efficiency vary across efficiency groups, and 
vice versa. 
Suggested by McWilliams and Smart (1993), the relationship between firm 
efficiency and industry concentration should be examined under a dynamic framework 
using the VAR process. The firm-level VAR results show that there is no relationship 
between firm efficiency and industry concentration at one lag, which supports the 
S/C/P paradigm of a random concentration effect. Nonetheless, at the industry-level 
VAR, industry with more EFFICIENT firms tends to become more concentrated in the 
subsequent year of the analysis. 
 In short, firm efficiency and industry concentration have separate effects on 
average stock returns. The average returns of the four-corner portfolios vary in the firm 
efficiency and industry concentration quintiles. In the Fama and MacBeth (1973) 
framework, both firm efficiency and industry concentration independently affect the 
cross-section of stock returns at firm-level and industry-level regressions. The results 
also show no correlation between firm efficiency and industry concentration in the 
VAR analysis. Therefore, the evidence supports the second hypothesis (H3.2) of this 
chapter. 
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CHAPTER 4: FIRM EFFICIENCY EFFECT ON AVERAGE STOCK 
RETURNS – THE ROLE OF ARBITRAGE COSTS 
4.1 INTRODUCTION 
4.1.1 Purpose and Motivation 
This chapter investigates the role of arbitrage costs in explaining the firm 
efficiency effect on the cross-section of stock returns in the Australian market.23 
Existing literature (e.g., Fama & French 1992, 1993) often contends that the abnormal 
returns of stocks may be driven in part or fully by risk based on the rational decisions 
of investors. In Chapter 2, although firm efficiency negatively affects the cross-section 
of stock returns, the results show that it is not a priced risk factor in the Australian 
market. Instead, these results suggest that the firm efficiency effect is more likely due 
to mispricing where arbitrage costs might cause the effect to persist. Therefore, this 
chapter examines whether the firm efficiency effect is related to the common measures 
of arbitrage costs such as idiosyncratic volatility or other proxies of transaction costs. 
In doing so, two research questions related to the driving forces behind the firm 
efficiency effect on stock returns are addressed in this chapter. First, do transaction 
costs explain the firm efficiency effect on average stock returns in the Australian 
market? Second, does idiosyncratic volatility drive the firm efficiency effect on the 
cross-section of expected stock returns? 
                                                          
23 Pontiff (2006) distinguishes between two types of arbitrage costs: transaction costs and holding costs 
(or idiosyncratic volatility). While transaction costs are related to buying and selling a stock, holding 
costs are associated with keeping a position over a period of time. 
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The motivation for this study comes from the fact that a number of previous 
studies24 maintain that relying on a risk-based explanation alone cannot fully explicate 
the return pattern and might exaggerate the importance of those factors. For example, 
while the Book-to-Market ratio is shown as a priced risk factor (Fama & French 1992, 
1993), Ali et al. (2003) suggest that this effect is greater for stocks with higher 
idiosyncratic volatility and higher transaction costs, consistent with the market-
mispricing explanation for the anomaly. Similarly, the momentum effect (as in Carhart 
(1997)) is found to be related to stocks with high trading costs (Lesmond et al. 2004). 
In a recent study, Hirshleifer et al. (2012) show that the accrual factor-mimicking 
portfolio can capture the variation in returns beyond the Fama and French three factors. 
However, their tests appear to be in favour of the accrual characteristic in predicting 
stock returns. Therefore, they suggest that the accrual effect exists possibly not only 
due to risk but also as a result of mispricing.  
An interpretation for the stock return anomalies due to mispricing is based on 
irrational decisions or behaviours of investors (see, for instance, Stein 1996; 
Hirshleifer 2001). Stein (1996) maintains that a stock can become significantly over 
or undervalued at a particular time since investors make systematic errors in forming 
their expectations. Logically, if a stock is mispriced, arbitrageurs will trade the over or 
undervalued stock for another fair-priced stock which has the same fundamental value. 
However, Shleifer and Vishny (1997) argue that the traders cannot carry out the 
transactions to eliminate the mispricing if arbitrage costs exceed the profits. In fact, 
                                                          
24 See, among others, Ali, Hwang and Trombley (2003); Lesmond, Schill and Zhou (2004); Lipson, 
Mortal and Schill (2011); Hirshleifer, Hou and Teoh (2012). 
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arbitrage trading is costly and, hence, mispricing would not be traded away rapidly 
and entirely. Therefore, the abnormal returns of some stocks still exist in equilibrium. 
In line with the above arguments, the firm efficiency effect, which carries such 
a large return premium, might attract arbitrageurs’ attention. Following Hirshleifer 
(2001), it is possibly argued that the abnormal returns from the firm efficiency effect 
can be arbitraged away in a frictionless market where there is no transaction cost or 
other impediment. Therefore, if the efficiency anomaly persists in equilibrium, 
arbitrage costs would have played an important role in inhibiting investors from 
making the arbitrage profits. According to Pontiff (2006), transaction costs and 
holding costs can arise and prevent arbitrageurs from trading these stocks and 
eliminating mispricing. Transaction costs occur when investors buy or sell a mispriced 
stock. When transaction costs are higher, arbitrage activities become less attractive. 
Thus, mispricing is more likely to exist. Moreover, arbitrage activities are not only 
costly but also risky. The reason is arbitrageurs, who are risk-averse and undiversified 
traders, often have to deal with the idiosyncratic risk when holding the mispriced 
stocks (see, Shleifer & Vishny 1997; Wurgler & Zhuravskaya 2002; Ali et al. 2003). 
As a result, idiosyncratic risk or the volatility of stock returns is considered as one type 
of holding costs. Pontiff (2006) also argues that, unlike transaction costs, the role of 
holding costs (particularly idiosyncratic volatility) as a limit to arbitrage is not widely 
investigated and sometimes misunderstood. Therefore, it is essential to investigate the 
role of arbitrage costs in explaining the cross-sectional relationship between firm 
efficiency and average stock returns in the Australian market. In addition, examining 
the link between the firm efficiency effect and arbitrage costs provides insights into 
the channels through which operational efficiency affects stock returns and the driving 
forces behind this effect.  
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4.1.2 Main findings 
This chapter examines the role of arbitrage costs in explaining the firm efficiency 
effect on stock returns for all listed firms in the Australian market during the period 
from 1995 to 2013. One notable finding from the data sample is that transaction costs 
and idiosyncratic volatility (IVOL) are relatively high in the Australian stock market. 
This result foreshadows the role of these costs in deterring arbitrage activities.  
In order to examine the characteristics of firm efficiency quintile portfolios, 
mean values of Size, Book-to-Market and other arbitrage measures of each efficiency 
quintile are calculated. The results show that INEFFICIENT firms appear to be smaller 
in Size and higher in Book-to-Market ratio than those of EFFICIENT firms. Therefore, 
consistent with the explanation for Size and Book-to-Market in Fama and French 
(1992, 1993), INEFFICIENT firms are expected to be riskier than EFFICIENT firms. 
Regarding the five measures of arbitrage costs, the average value of IVOL is mostly 
constant across efficiency quintiles. Price and Volume, however, increase 
monotonically from an INEFFICIENT portfolio to an EFFICIENT one, while the 
average values of price impact measure (ILLIQ) and frequency of daily zero returns 
(Zerofreq) of stocks in the sample move in the opposite direction (higher for 
INEFFICIENT portfolio). These results suggest that stocks with high arbitrage costs 
are concentrated in INEFFICIENT portfolios, and vice versa. 
Portfolio returns that are double-sorted based on firm efficiency and arbitrage 
cost measures are also examined. In June of each year t, all firms are independently 
sorted into quintiles based on firm efficiency scores and one of the other variables, 
such as: Size, Book-to-Market, IVOL, Price, Volume, ILLIQ, and Zerofreq. The 
results show that the returns of these double-sorted portfolios are higher for 
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INEFFICIENT firms. In particular, the efficiency anomalies are concentrated in firms 
with higher IVOL, higher ILLIQ, higher Zerofreq, lower Price, and lower Volume. 
The Fama and MacBeth (1973) cross-sectional regressions of monthly stock 
returns on firm efficiency, five measures of arbitrage costs and other firm 
characteristics are implemented in both univariate and multivariate analysis. The 
results show that only IVOL has a statistically significant relationship to monthly stock 
returns in the univariate analysis. After controlling for arbitrage cost proxies, the firm 
efficiency effect still exists and has a negative impact on the cross-section of stock 
returns, suggesting that the firm efficiency effect on stock returns is not subsumed by 
other arbitrage cost measures. 
In the final analysis, the interaction terms between firm efficiency and either 
IVOL, Price, Volume, ILLIQ or Zerofreq are also included in these models to explore 
the role of arbitrage costs on the firm efficiency effect. There is some evidence that the 
firm efficiency effect on stock returns is related to Price and Volume where the 
coefficients on their interaction terms are statistically significant. Overall, the results 
indicate that only idiosyncratic volatility consistently exposes a link to the firm 
efficiency effect, suggesting that arbitrage risk also explains the efficiency anomaly 
beyond the risk-based explanation.  
In short, firm efficiency is proved to have a negative relationship with the cross-
section of stock returns in Chapter 2. However, the findings of this chapter suggest 
that the efficiency anomaly between INEFFICIENT and EFFICIENT portfolios is, in 
fact, related to arbitrage costs, especially idiosyncratic volatility, which is consistent 
with the mispricing explanation. 
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4.1.3 Outline of the chapter 
The rest of this chapter is structured as follows. Section 4.2 presents the literature 
review that leads to the hypotheses to be tested. Section 4.3 describes the data and 
variables used in the subsequent analysis. Section 4.4 outlines the research 
methodology. Section 4.5 discusses the empirical results and their implications, and 
Section 4.6 concludes this chapter. 
4.2 LITERATURE REVIEW AND HYPOTHESES DEVELOPMENT 
4.2.1 Investor psychology and asset pricing 
In an efficient market, all information on assets is reflected in their prices (Fama 
1970). Accordingly, if all market participants make rational decisions, they will not 
buy an overpriced asset or sell an under-priced asset. It is also argued that arbitrageurs 
can trade mispriced stocks to gain profits until they reach a fair value in the market. 
However, financial economists (e.g., Barber & Odean 2000) maintain that not all the 
markets are efficient and not all agents are perfectly rational when making investment 
decisions. Therefore, in recent studies, the imperfect rational explanations for the 
abnormal returns among different stocks become more important. 
Importantly, neither the rational nor irrational approach completely explains the 
abnormal return issues. Hirshleifer (2001) argues that equilibrium price is a reflection 
of both rational and irrational analysis by investors. Having a reflection of the irrational 
analysis of investors in the equilibrium price implies that not all investors are perfectly 
rational. Therefore, it is not necessary to separate risk from mispricing effects linearly, 
rather the two concepts need to be understood distinctly. In fact, stock returns are 
increasing with risk and with current market undervaluation. In line with this, Ali et 
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al. (2003) indicate that it is important to test both mispricing and risk-based 
explanations for the Book-to-Market effect. 
In his study, Hirshleifer (2001) considers investors’ psychological biases are the 
main reasons for their irrational decisions in the stock markets. These psychological 
biases include heuristic simplification (e.g., limited attention, conservatism, narrow 
framing); self-deception (e.g., overconfidence); emotions and self-control; and social 
interaction. Among those reasons, overconfidence of investors is an important attribute 
which is discussed in several studies explaining asset mispricing. For example, Odean 
(1999) suggests that some investors who trade too aggressively may incur higher 
transaction costs without higher returns. Further, some traders may neglect the 
information and actions of others (Bloomfield, Libby & Nelson 1999). Therefore, the 
investor psychology approach, where stock expected returns are determined by both 
risk and mis-valuation, is considered a broader approach compared to the purely 
rational explanations (Hirshleifer 2001). 
The psychological theory, which was first proposed by Simon (1955), indicates 
that the limited estimation ability and the complex environment may prevent investors 
from making fully rational decisions. More recently, the psychological approach in 
explaining stock returns is more related to investor overconfidence (see, for example, 
Merton 1987; Kyle & Wang 1997; Daniel, Hirshleifer & Subrahmanyam 1998). It is 
argued that an investor who overestimates his ability often makes errors in setting 
stock prices and forecasting returns. In other words, investors who set prices based on 
incorrect expectation might see their returns go in unpredictable directions (Hirshleifer 
2001). In addition, the dynamic asset pricing approach suggests that noise trading also 
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causes overreaction, and hence negatively affects long-run stock returns(see, Lee, 
Shleifer & Thaler 1991; Campbell & Kyle 1993).  
To sum up, the psychological approach provides further explanation for the 
anomaly in stock returns in addition to the risk-based theory. Moreover, investors who 
have psychological biases might not be neutral to risk. More importantly, mispricing 
is not easy to verify in reality. That is one reason why investors either cannot price the 
stock correctly in the first place, or take advantage of it to trade away the mispricing 
and earn profits (Daniel, Hirshleifer & Teoh 2002). 
4.2.2 Transaction costs and their limits-to-arbitrage  
Although the “return premium” is seen quite easily on the capital markets, there 
are many barriers which inhibit investors’ abilities to benefit from arbitrage activities. 
Pontiff (2006) notes that arbitrage is a transaction where a rational agent tries to profit 
from mispricing. However, traders cannot take advantage of this opportunity if the 
arbitrage costs exceed the profits. Transaction costs are considered to be an arbitrage 
cost because they limit the extent to which investors can take advantage of mispricing 
and eliminate it. Consequently, stocks with higher transaction costs are more likely to 
be mispriced (Ali et al. 2003). In this case, mispriced stocks do exist in equilibrium 
since transaction costs prevent traders from arbitrage activities that can balance the 
price impact of irrational investors (Pontiff 2006). Two common types of transaction 
cost measures used in prior studies include direct transaction costs and indirect 
transaction costs. 
Direct transaction costs refer to bid-ask spreads and commission fees charged by 
brokerage companies. These costs are often calculated as a percentage of share price 
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and are inversely related to share price (see, Bhardwaj & Brooks 1992; Blume & 
Goldstein 1992). Therefore, stock price is often used as a proxy for direct transaction 
costs (see, for instance, Ball, Kothari & Shanken 1995; Ali et al. 2003). Using stock 
price as a proxy for direct transaction costs, Ball et al. (1995) document a strong 
relationship between profitability and low-priced stocks. In addition, Ali et al. (2003) 
show that the Book-to-Market effect is greater for stocks with higher transaction costs, 
consistent with the mispricing explanation for the anomaly. 
Indirect transaction costs relate to adverse effects on stock prices and transaction 
impediment. The dollar trading volume of stocks is an important measure of these 
indirect costs (e.g., Kyle 1985; Bhushan 1992). If the trading of a stock is less 
voluminous, arbitrage transactions are more difficult to be completed rapidly and the 
adverse effects are more likely to happen. Mendenhall (2004) studies how arbitrage 
costs affect post-earnings announcement drift and finds mixed results regarding the 
impact of transaction costs on abnormal returns. In his study, trading volume is the 
most important measure of transaction cost and is strongly related to drift. As a result, 
he suggests that stocks with greater trading volume experience lower transaction costs. 
In addition, Ball et al. (1995) also use volume as another proxy for transaction costs 
and confirm that high volume stocks are associated with lower transaction costs. 
In line with these arguments, a number of studies also use price and volume as 
transaction cost proxies. Their findings suggest that these measures of transaction costs 
impose further barriers for investors to implement arbitrage activities. For example, 
Mashruwala, Rajgopal and Shevlin (2006) find that the accrual anomaly is 
concentrated in stocks with high transaction costs. Specifically, the return differences 
between low and high accrual portfolios are found in stocks with the lowest stock price 
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and lowest trading volume. Their results suggest that transaction costs prevent 
arbitrageurs from eliminating the accrual mispricing. In addition, Lesmond et al. 
(2004) suggest that the momentum investing strategies, in which investors buy past 
winner stocks and sell past loser ones, are unable to be  implemented. Their results 
show that stocks with large momentum returns are those with high transaction costs. 
In this case, returns of high momentum strategies do not exceed the costs to transact 
the deals. Therefore, they contend that the opportunity to gain abnormal stock returns 
from these momentum strategies is unlikely to occur in reality. 
For comprehensiveness, Ali et al. (2003) use the frequency of zero daily returns 
as a measure of transaction costs. They argue that stocks which are frequently observed 
with zero daily returns are those with high transaction costs, and vice versa. Another 
proxy for transaction costs is the price impact measure, which represents the market 
illiquidity (see, Lipson et al. 2011). Proposed by Amihud (2002), the market illiquidity 
positively affects expected stock excess return. The reason is the bid-ask spread and 
the brokerage fees for trading these illiquidity stocks are much higher than those for 
Treasury securities. Therefore, illiquidity costs can be considered as one type of 
transaction cost. Moreover, the trading volume of illiquidity stocks is less than that of 
Treasury Bills as trading large amounts of illiquidity stocks will affect stock prices. 
Thus, Amihud (2002) claims that the excess returns of less liquid stocks are also 
regarded as compensation for their illiquidity compared to Treasury Bills. His findings 
suggest that the illiquidity of a stock, which is measured by the price impact, can be 
used as a proxy for transaction costs on the capital markets 
As discussed above, higher transaction costs will exhibit greater limits-to-
arbitrage the mispriced stocks on the capital markets despite the way they are 
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measured. Thus, if the efficiency effect is also related to arbitrage costs, the 
relationship between firm efficiency and stock returns will be greater (smaller) when 
transaction costs are high (low). 
Based on the above arguments, the hypothesis for the first research question of 
this chapter is formulated as follows: 
Hypothesis 4.1 (H4.1): The relationship between the firm efficiency effect and 
average stock returns is stronger (weaker) for stocks with high (low) transaction 
costs.  
H4.1a: The firm efficiency effect on average stock returns is stronger (weaker) 
for stocks with low (high) Price.  
H4.1b: The firm efficiency effect on average stock returns is stronger (weaker) 
for stocks with low (high) Volume.  
H4.1c: The firm efficiency effect on average stock returns is stronger (weaker) 
for stocks with high (low) illiquidity.  
H4.1d: The firm efficiency effect on average stock returns is stronger (weaker) 
for stocks with high (low) zero daily returns. 
4.2.3 The role of idiosyncratic volatility  
Mispricing exists in the presence of arbitrage costs which prevent a rational 
trader from fully eliminating inefficiencies. While the impact of transaction costs on 
mispricing is long-established, the role of holding costs has become more important in 
recent studies. Pontiff (2006) defines holding costs as costs that incur during the period 
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when a position is still open. One example of holding costs is the idiosyncratic stock 
return volatility which is the main focus in many empirical studies (see, Wurgler & 
Zhuravskaya 2002; Ali et al. 2003; Mashruwala et al. 2006; Lipson et al. 2011). 
Wurgler and Zhuravskaya (2002) explain that the idiosyncratic volatility of a stock is 
considered as an arbitrage risk because arbitrageurs cannot avoid it by holding other 
stocks to have a balanced position. Other types of holding costs might include the 
opportunity costs related to capital investment or the possibility of obtaining short-sale 
profits.  
In the arbitrage literature, researchers often rely on a well-known concept first 
proposed by Shleifer and Vishny (1997) that arbitrageurs are unable to hedge the 
idiosyncratic volatility since they have limited positions in the mispriced stocks. 
Therefore, even if the return anomaly is concentrated in these stocks, it is not easy to 
arbitrage away. That might be one reason why mispricing still exists in equilibrium. 
Moreover, risk-averse investors have to make difficult decisions between taking a 
position in the mispriced stocks to earn profits and facing the idiosyncratic risk from 
holding these stocks. Thus, idiosyncratic volatility of a stock is also called an arbitrage 
risk. However, the role of idiosyncratic risk in explaining the market mispricing is 
commonly misunderstood, and not many studies on market efficiency have given 
attention to this relationship for quite a long time. In fact, more recent studies find that 
idiosyncratic risk, on the other hand, appears to be the strongest deterrent to arbitrage 
activities on the stock markets (see, for example, Pontiff 1996; Mashruwala et al. 2006; 
Lipson et al. 2011). 
Empirical analyses on the role of idiosyncratic risk generally support the 
hypothesis that this type of holding costs inhibits arbitrage activities. For example, 
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Pontiff (1996) finds that the closed-end fund discounts are positively related to 
arbitrage costs and the idiosyncratic risk is the strongest proxy for holding costs. In 
their study, Mashruwala et al. (2006) show that firms with higher arbitrage costs tend 
to have higher exposure to the accrual anomaly. Although they find that transaction 
cost proxies are also associated with the anomaly, idiosyncratic risk tends to be the 
strongest variable.  
Similarly, Ali et al. (2003) examine the relationship between the Book-to-Market 
effect and idiosyncratic risk. They find that the return spread between high and low 
Book-to-Market portfolios is larger for stocks with higher idiosyncratic return 
volatility, which is consistent with the mispricing argument. While the Book-to-
Market anomaly is interpreted as compensation for distress risk in Fama and French 
(1993), La Porta et al. (1997) suggest that this effect is due to mispricing. More 
specifically, the investor’s bias in estimating the future earnings for stocks with 
different levels of Book-to-Market ratio leads to systematic errors in expectation of 
stock returns. However, arbitrageurs cannot exploit this opportunity to eliminate the 
mispricing if the profits from arbitrage transactions do not compensate for the costs 
incurred (Shleifer & Vishny 1997). Therefore, systematic mispricing cannot be 
removed completely. They conclude that risk due to the volatility of arbitrage returns 
(or arbitrage risk) deter arbitrage activities. Moreover, Ali et al. (2003) acknowledge 
that totally distinguishing the mispricing from the risk-based explanations for the 
Book-to-Market effect is not appropriate. Their reason is that high volatility stocks 
might be financially distressed stocks as well. If so, this result is consistent with the 
risk-based explanation where the Book-to-Market ratio is proved to represent the 
financial distress attribute.  
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In Lipson et al. (2011), idiosyncratic risk acts as a measure of holding costs. The 
idiosyncratic return volatility of a stock prevents an investor from taking a position on 
it, hence, market mispricing cannot be eliminated and continues to exist.  Their results 
indicate that the asset growth factor captures the return variation unexplained by the 
Fama and French’s (1993) model. However, the asset growth effect only appears in a 
group of high idiosyncratic stocks. As a result, the mispricing explanation where the 
asset growth effect is proved to have a relation with idiosyncratic volatility will 
supplement the fully rational approach based on risk (Lipson et al. 2011). 
When being examined concurrently, the impact of idiosyncratic risk appears to 
be greater than that of transaction costs on mispricing. Although the role of holding 
costs (particularly idiosyncratic volatility) has been discussed in recent studies, it 
becomes more and more essential in explaining the nature of abnormal stock returns. 
In particular, the importance of holding costs compared to transaction costs increases 
when the time to maintain an arbitrage position becomes longer (Pontiff 2006). 
Similar to transaction costs, holding costs (i.e., idiosyncratic volatility) create a 
deterrent to rational traders who try to benefit from mispricing. Thus, stocks with 
higher idiosyncratic risk are more likely to be mispriced and carry higher return 
premiums.  
Based on the above discussion, the following hypothesis is formed for the second 
research question: 
Hypothesis 4.2 (H4.2): The association between the firm efficiency effect and 
average stock returns is stronger (weaker) for stocks with high (low) idiosyncratic 
volatility. 
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4.3 DATA 
This chapter examines the role of arbitrage costs on the relationship between 
firm efficiency effect and the cross-section of stock returns. Data with three levels of 
frequency including daily, monthly and yearly are utilized for the subsequent analysis. 
In order to measure the proxies of arbitrage costs, the daily data of all ordinaries 
listed on the ASX are obtained from Datastream. They include daily share prices, daily 
total return index, and daily trading volume starting from 1 July 1995 to 30 June 2012. 
These daily data are used for calculating daily arbitrage cost measures. At the end of 
June of each year t from 1995 – 2012, these arbitrage cost measures are then merged 
with monthly stock returns and annual accounting data of firms for further analysis. 
Other data sets are similar to those utilized in Chapter 2 and Chapter 3. 
Throughout the thesis, the monthly stock returns of all ordinaries listed on the ASX 
between July 1996 and June 2013 are collected from Datastream. Monthly returns 
consists of dividends and capital gains of common stocks traded on the ASX in which 
changes from stock splitting and dividends are incorporated. In addition, historical 
share prices are also downloaded from Datastream over the period 1995 – 2013 to 
compute the market value of equity for each firm listed on the ASX.  
Specifically, accounting and firm-specific data are collected annually at the end 
of each financial year for the period between 1995 and 2011 from Fin-analysis. These 
variables on firm-specific characteristics, which are used in the SFA model to estimate 
firm efficiency scores, include: Operating Revenues (Sales), Total Assets, Long-Term 
Debt, Property, Plant and Equipment, Earnings before interest, taxes, depreciation and 
amortization (EBITDA), and Capital Expenditures. Some common firm characteristics 
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are also applied in this chapter such as: Firm Size (defined as annual market value of 
equity, which is calculated as share price multiplied by the number of ordinary shares 
on issue), Book-to-Market ratio (calculated by dividing book equity by market equity, 
which is stock price multiplied by shares outstanding at fiscal year-end). 
As discussed in Chapters 2 and 3, all delisted firms, financial firms, and firms 
with negative book equity are excluded from the data sample. In order to be selected, 
a firm must have accounting information for at least two years. In all the Fama and 
MacBeth (1973) cross-sectional regressions, monthly stock returns from July of year t 
to June of year t + 1 are matched with the accounting data of a firm at the end of fiscal 
year t – 1 as well as measures of arbitrage costs at the end of June of each year t to 
ensure the stock prices reflect firms’ earnings and characteristics, in line with Fama 
and French (1992). 
4.4 RESEARCH METHODOLOGY 
4.4.1 Firm efficiency estimation 
As discussed in Chapters 2 and 3, firm efficiency scores for all firms in the data 
sample are estimated using the SFA method. Consistent with the literature25, the 
equation of the stochastic frontier is defined as follows: 
Ln(Market_Equityi) = β0 + φij + β1Ln(Book_Equityi)  
            + β2(Long_Term_Debti/Total_Assetsi) 
            + β3(CAPEXi/Operating_Revenuesi) 
            + β4(Property_Plant_And_Equipmenti/Total_Assetsi) 
                                                          
25 See, among others, Habib and Ljungqvist (2005) and Nguyen and Swanson (2009). 
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            + β5(EBITDAi/Total_Assetsi) + vi – ui           (4.1) 
where φij is a dummy variable that proxies for firm i’s industry sector j according to 
the Global Industry Classification Standard (GICS); vi is the standard two-sided white 
noise error and ui represents the non-negative inefficiency component. Other variables 
which are proxies for firm characteristics or inputs include: Long Term Debti / Total 
Assetsi (firm leverage); CAPEXi / Operating Revenuesi (investment opportunities); 
Property Plant and Equipmenti / Total Assetsi (fixed assets); and EBITDAi / Total 
Assetsi (firm profitability). In addition, Ln(Market_Equityi) and Ln(Book_Equityi) are 
obtained from the log transformation of the Market-to-Book ratio for firm i. 
In July of each year t, efficiency score for each firm i is estimated from the 
following equation:    
ܧܨܨ௜௧ ൌ
ܧሺܳ௜௧ȁݑ௜௧ǡ ܺ௜௧ሻ
ܧሺܳ௜௧כ ȁሺݑ௜௧ ൌ Ͳሻǡ ܺ௜௧ሻሺͶǤʹሻ
where EFFit is the efficiency score of firm i in year t, which takes a value between 0 
and 1; ܳ௜௧כ ݅s the maximum value of firm i in year t when there is no or minimum 
inefficiency (u=0); Qit is the actual value of firm i in year t with the input vector X and 
parameter estimate vector β. 
4.4.2 Measuring Idiosyncratic Volatility (IVOL) 
As shown in Lipson et al. (2011), idiosyncratic volatility (IVOL) plays an 
important role in measuring the arbitrage costs compared to other transaction cost 
proxies. Therefore, IVOL is used as a key measure of arbitrage risk which is the 
variation of the residual obtained from a traditional market model regression (see, 
among others, Pontiff 1996; Wurgler & Zhuravskaya 2002; Mashruwala et al. 2006). 
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Following previous studies in the literature, the IVOL is defined as the standard 
deviation of the residuals from a regression of daily returns on an equal-weighted 
market index from July 1 of the previous year through June 30 of the present year.26 
In equation (4.3), the daily returns of each stock listed on the ASX are regressed 
against the market returns from July 1 of year t – 1 through June 30 of year t over the 
1996 – 2012 period.  
ܴ௜ௗ ൌ ܽ௜ ൅ ܾ௜ܴ௠ௗ ൅ ߝ௜ௗሺͶǤ͵ሻ 
where Rid is the daily returns of firm i on day d; Rmd is the market returns, which is 
calculated by using the ASX All Ordinaries return index, on day d; εid is the residuals 
obtained from equation (4.3) for firm i on day d. 
IVOLit is the idiosyncratic volatility of firm i in year t which is the standard 
deviation of the residuals obtained from equation (4.3) for the period from July 1 of 
year t – 1 through June 30 of year t. 
ܫܸܱܮ௜௧ ൌ ߪఌ௜௧ሺͶǤͶሻ 
4.4.3 Measuring transaction costs 
In common with the literature, four measures are used as proxies for transaction 
costs. These measures include: Price, Volume, frequency of zero daily returns 
(Zerofreq), Price impact measure (ILLIQ). 
                                                          
26 See, for example, Ali et al. (2003), Mendenhall (2004), Mashruwala et al. (2006), and Lipson et al. 
(2011). 
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Following Ali et al. (2003) and Mashruwala et al. (2006), share price is used as 
a measure of direct transaction costs. In the subsequent analysis, the price variable 
refers to the closing price of a share at the end of June of year t over 1996 – 2012 
period. 
Also in those papers, volume is used as a measure of indirect transaction costs. 
To evaluate the effect of volume on stock returns, the daily dollar trading volume of a 
firm is defined as daily closing price times daily number of shares traded on the ASX. 
The annual volume is then calculated by summing the daily dollar trading volume of 
a firm on the ASX from July 1 of year t – 1 to June 30 of year t. 
Consistent with Lesmond et al. (1999), the frequency of zero daily returns 
(Zerofreq) represents a comprehensive measure of transaction costs. The variable 
‘Zerofreq’ is the frequency of zero daily returns over one year ending in June of year 
t. A stock which experiences high frequency of zero daily returns (high value of 
Zerofreq) is regarded as stock with high transaction costs and vice versa. 
Following Amihud (2002) and Lipson et al. (2011), the price impact measure, 
which is denoted as ILLIQ, is used as another proxy for transaction cost. The price 
impact measure is chosen among other illiquidity measures because data used to 
calculate this measure is available in many stock markets that allow for empirical tests 
over a long period of time (see Amihud 2002). 
The price impact measure (ILLIQ) is calculated as the ratio of the absolute value 
of the daily stock return to its daily dollar trading volume. This ratio exhibits the 
influence of price on each dollar of trading volume every day. The price impact 
measure is then annualized by taking the simple average of the daily measure.  
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ܫܮܮܫܳ௜௧ ൌ
ͳ
௜ܰ௬
෍หܴ݁ݐݑݎ݊௜௬ௗหܸ݋݈ݑ݉݁௜௬ௗ ሺͶǤͷሻ
ே೔೤
௧ୀଵ

where ILLIQiy, is the price impact measure of firm i in year t; Niy is the number of days 
for which data are available for firm i in year y; Returniyd is the daily stock return of 
firm i on day d of year y; and Volumeiyd is daily dollar trading volume of firm i on day 
d of year y. 
4.4.4 Portfolio returns tests 
The main objective of this section is to explore the link between arbitrage costs 
and firm efficiency effect on stock returns. Therefore, portfolios are constructed based 
on firm efficiency and arbitrage cost measures: IVOL, Price, Volume, ILLIQ, and 
Zerofreq. In order to investigate the interaction of the firm efficiency effect with other 
firm characteristics, double-sorted portfolios are formed based on efficiency scores 
and another variable such as Size, B/M, and other arbitrage cost proxies. 
At the end of June of each year t, all stocks are sorted into quintiles based on 
their efficiency scores. Simultaneously, these stocks are independently sorted into 
quintiles based on one of the other variables such as: Size, B/M, IVOL, Price, Volume, 
ILLIQ, and Zerofreq. Together, 25 double-sorted portfolios are formed and average 
monthly returns of these portfolios are investigated for each group. Portfolios are 
rebalanced annually, and returns are computed from the beginning of July of the 
sorting year through to the end of June of the following year. The mean portfolio 
returns are reported. To observe the efficiency effect after controlling for the 
alternative firm characteristics, the difference in returns between the extreme 
portfolios is then examined. 
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4.4.5 Fama – MacBeth cross-sectional regressions of stock returns 
In this section, the Fama and MacBeth (1973) cross-sectional regressions are 
implemented to examine whether the efficiency effect is explained by arbitrage costs. 
Specifically, monthly stock returns are regressed against firm efficiency scores, 
various measures of arbitrage costs, and interaction terms between firm efficiency 
scores and arbitrage cost proxies after controlling for other firm characteristics such as 
Ln(Size) and Ln(B/M) over the 1996 – 2013 period. Applying Fama and MacBeth 
(1973), the following estimation will be implemented: 
ܴ௜ǡ௧ାଵ ൌ ߮଴ ൅ ߮ଵܧܨܨ௜ǡ௧ ൅ ߮ଶ ܮ݊ሺܵ݅ݖ݁ሻ௜ǡ௧ ൅ ߮ଷ ܮ݊ ൬
ܤ
ܯ൰௜ǡ௧ ൅ ߮ସܫܸܱܮ௜ǡ௧ ൅ ߮ହܲݎ݅ܿ݁௜ǡ௧
൅ ߮଺ܮ݊ሺܸ݋݈ݑ݉݁ሻ௜ǡ௧ ൅ ߮଻ܫܮܮܫܳ௜ǡ௧ ൅ ଼ܼ߮݁ݎ݋݂ݎ݁ݍ௜ǡ௧
൅ ߮ଽܧܨܨ௜ǡ௧ כ ܫܸܱܮ௜ǡ௧ ൅ ߮ଵ଴ܧܨܨ௜ǡ௧ כ ܲݎ݅ܿ݁௜ǡ௧
൅ ߮ଵଵܧܨܨ௜ǡ௧ כ ܮ݊ሺܸ݋݈ݑ݉݁ሻ௜ǡ௧ ൅ ߮ଵଶܧܨܨ௜ǡ௧ כ ܫܮܮܫܳ௜ǡ௧
൅ ߮ଵଷܧܨܨ௜ǡ௧ כ ܼ݁ݎ݋݂ݎ݁ݍ௜ǡ௧ ൅ ߝ௜ǡ௧ାଵሺͶǤ͸ሻ
 
where Sizei,t is the market value of equity of firm i at the end of June of year t; B/Mi,t 
(Book-to-Market ratio) is the ratio of book value of equity at the end of fiscal year t − 
1 divided by the market value of equity of firm i at the end of December of calendar 
year t – 1; EFFi,t is the efficiency score of firm i at the end of June of year t; IVOLi,t is 
the idiosyncratic volatility of firm i at the end of June of year t; Pricei,t is the daily 
price of firm i at the end of June of year t; Volumei,t is the annual dollar trading volume 
of firm i at the end of June of year t; ILLIQi,t is the price impact measure of firm i at 
the end of June of year t; Zerofreqi,t is the frequency of zero daily returns of firm i over 
one year ending in June of year t.  
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The coefficients on the interaction terms in equation (4.6) capture how the 
efficiency effect varies with the arbitrage cost measures. If firm efficiency effect is 
associated with arbitrage costs, the relation between firm efficiency and returns will 
be greater for stocks with high arbitrage costs and smaller for stocks with low arbitrage 
costs. As discussed in Chapter 2, there is a negative relationship between firm 
efficiency and the cross-section of stock returns. In other words, the coefficient on 
efficiency scores (EFF) in the Fama – MacBeth regression is negative. In equation 
(4.6), the coefficient on the interaction term between firm efficiency and IVOL 
presents the additional spread in returns between INEFFICIENT and EFFICIENT 
firms in conjunction with high and low IVOL. Therefore, if IVOL contributes to the 
firm efficiency effect, the coefficient on EFF*IVOL will be negative. Similarly, 
transaction costs are considered to be higher for firms with greater ILLIQ and 
Zerofreq. Thus, the coefficients on EFF*ILLIQ and EFF*Zerofreq are also expected 
to be negative. On the other hand, firms with higher Price and Volume are considered 
to have low transaction costs (see, Mashruwala et al. 2006). As a result, the coefficients 
on the interaction variables are expected to be positive for Price and Volume.  
In summary, the coefficients on the interaction variables are expected to be 
negative for IVOL, ILLIQ, Zerofreq and positive for Price and Volume, as transaction 
costs are expected to be lower for firms with greater Volume and Price (see, 
Mashruwala et al. 2006). 
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4.5 RESULTS AND DISCUSSION 
4.5.1 Summary statistics for data sample 
Table 4.1 reports the Pearson and Spearman correlation among five measures of 
arbitrage costs such as:  the idiosyncratic volatility (IVOL) which is calculated as the 
standard deviation of the residuals from a regression of daily returns of each stock on 
the ASX all ordinaries returns from July 1 through June 30 of the present year; Price 
which is the closing price of common stocks at end of June of year t, in dollars; Volume 
which is the annual trading volume of a firm’s stocks ending in June of year t, in 
million dollars; ILLIQ which is the average of the daily price impact measure over one 
year from July 1 through June 30 of the present year; and Zerofreq which is the 
frequency of zero daily returns over one year ending in June of year t over the 1996 – 
2012 period. The correlation coefficients are calculated each year during the above 
period, and the means of the annual coefficients are reported. The magnitudes of the 
mean correlation coefficients are all significantly different from zero at the 1% level. 
The Pearson correlation among five measures of arbitrage costs ranges in 
magnitude from 0.02 to 0.371. The Spearman correlation among these measures is 
higher than the Pearson correlation in magnitude, ranging from 0.433 to 0.79, but in 
the same direction. Similar to the results in Ali et al. (2003), a stock with high price 
and high volume appears to have low frequency of daily zero returns, low arbitrage 
risk (IVOL) and low ILLIQ (more liquid). The Pearson correlation between price and 
volume is 0.188 while the correlation coefficients of price with IVOL, ILLIQ, and 
Zerofreq are -0.111, -0.023, and -0.126 respectively. The results are similar for volume 
as its correlation coefficients with IVOL, ILLIQ, and Zerofreq are -0.212, -0.02, and -
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0.23 respectively. It is also reasonable to note that illiquidity stocks and stocks with 
high frequency of zero daily returns will have high arbitrage risk (IVOL). 
Table 4.1: Correlation among five measures of arbitrage costs 
This table reports the Pearson correlation (Panel A) and Spearman correlation (Panel B) of the five measures of 
arbitrage costs over the period from 1996 to 2012. IVOL is the idiosyncratic volatility which is calculated as the 
standard deviation of the residuals from a regression of daily returns on the ASX all ordinaries returns from July 
1 of year t – 1 through June 30 of year t. Price is the closing price of common stocks at end of June of year t, in 
dollars. Volume is the annual trading volume of a firm’s stocks ending in June of year t, in million dollars. ILLIQ 
is the average of the daily price impact measure over one year from July 1 of the previous year through June 30 
of the present year. Zerofreq is the frequency of zero daily returns over one year ending in June of year t. The 
Pearson and Spearman correlation coefficients are calculated each year from 1996 to 2012, and the mean of the 
annual correlation coefficients are reported. Significance levels are computed using the mean and the standard 
error of the annual coefficients. The magnitudes of the mean correlation coefficients are all significantly different 
from zero at the 1% level. 
Panel A: Pearson Correlation 
 IVOL Price Volume ILLIQ Zerofreq 
IVOL 1     
Price -0.111 1    
Volume -0.212 0.188 1   
ILLIQ 0.093 -0.023 -0.02 1  
Zerofreq 0.371 -0.126 -0.23 0.109 1 
Panel B: Spearman Correlation 
 IVOL Price Volume ILLIQ Zerofreq 
IVOL 1     
Price -0.498 1    
Volume -0.465 0.545 1   
ILLIQ 0.706 -0.557 -0.79 1  
Zerofreq 0.433 -0.487 -0.71 0.668 1 
 
4.5.2 Average characteristics of firm efficiency quintile portfolios 
Table 4.2 reports the mean values of selected characteristics for firm efficiency 
quintile portfolios. These characteristics include firm efficiency scores, market value 
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of equity (Size), Book-to-Market ratio (B/M), idiosyncratic volatility (IVOL), stock 
price (Price), annual dollar trading volume of stock (Volume), price impact measure 
(ILLIQ), frequency of daily zero return in one year of stock (Zerofreq). At the end of 
June of each year t from 1996 through 2012, all firms in the sample are sorted into 
quintiles based on their efficiency scores. Then, the mean values of these 
characteristics are computed and reported. 
The average efficiency scores for these quintile portfolios varies from 0.38 for 
Quintile 1 (lowest efficiency scores) and 0.59 for Quintile 5 (highest efficiency scores). 
It appears that INEFFICIENT firms (with low efficiency scores) are smaller in size 
and higher in Book-to-Market ratio. In contrast, EFFICIENT firms (with high 
efficiency scores) are bigger in size and lower in Book-to-Market ratio. The average 
market values of equity of these portfolios increase monotonically from 12.21 million 
dollars for Quintile 1 to 4218.10 million dollars for Quintile 5 while average values of 
Book-to-Market ratio of these portfolios decrease monotonically from 2.47 to 0.09. 
This suggests that INEFFICIENT firms might be riskier than EFFICIENT firms which 
is consistent with the explanation for Size and Book-to-Market effects in Fama and 
French (1992, 1993). 
The average values of IVOL are roughly unchanged across efficiency quintile 
portfolios. Mean values of daily closing price and annual trading volume increase 
monotonically from Quintile 1 to Quintile 5. Average daily closing price ranges from 
0.35 dollars for the lowest efficiency quintile to 22.88 dollars for the highest efficiency 
quintile. Similarly, average annual trading volume jumps from 25.12 million dollars 
per year for the lowest efficiency quintile to 1394.73 million dollars for the highest 
efficiency quintile. 
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Table 4.2: Mean values of selected characteristics for firm efficiency portfolios 
This table presents average characteristics for 5 equally-weighted portfolios of stocks formed at the end of June of 
each year t based on firm efficiency scores. The sample period is from 1996 through 2012. Size is the market value 
of equity at the end of June of year t, in million dollars. B/M is the ratio of book value of equity at the end of June 
of fiscal year t – 1 divided by the market value of equity at the end of December of calendar year t – 1. IVOL is the 
idiosyncratic volatility which is calculated as the standard deviation of the residuals from a regression of daily returns 
on the ASX all ordinaries returns from July 1 of year t – 1 through June 30 of year t. Price is the closing price of 
common stocks at end of June of year t, in dollars. Volume is the annual trading volume of a firm’s stocks ending 
in June of year t, in million dollars. ILLIQ is the average of the daily price impact measure over one year from July 
1 of the previous year through June 30 of the present year. Since the magnitude of ILLIQ is quite small, ILLIQ is 
multiplied by 1 million to facilitate reporting. Zerofreq is the frequency of zero daily returns over one year ending 
in June of year t. Efficiency scores, B/M, IVOL, and Zerofreq are in decimals. 
Quintiles 1 2 3 4 5 
Efficiency scores 0.38 0.44 0.48 0.52 0.59 
Size ($ million) 12.21 48.87 247.14 708.39 4218.10 
B/M 2.47 0.99 0.62 0.36 0.09 
IVOL 0.05 0.04 0.04 0.04 0.04 
Price ($) 0.35 1.07 2.14 3.23 22.88 
Volume ($ million) 25.12 74.67 350.15 704.65 1394.73 
ILLIQ 519.21 138.65 85.29 33.03 36.45 
Zerofreq 0.52 0.42 0.33 0.29 0.33 
 
Unlike price and volume, the mean values of illiquidity measure (ILLIQ) and 
frequency of daily zero returns over one year of these portfolios decrease from Quintile 
1 to Quintile 5. INEFFICIENT firms (Quintile 1) appear to be less liquid than 
EFFICIENT firms (Quintile 5). Average price impact measure (ILLIQ) ranges from 
519.21 (x10-6) for the lowest efficiency quintile to 36.45 (x10-6) for the highest 
efficiency quintile. The mean value of Zerofreq for INEFFICIENT firms (Quintile 1) 
is 0.52 while this number for EFFICIENT firms (Quintile 5) is 0.33. 
126 
 
4.5.3 Returns for double-sorted portfolios based on firm efficiency and 
arbitrage cost measures 
The primary purpose of this section is to investigate the relationship between 
five measures of arbitrage costs and stock returns when sorted based on firm efficiency 
scores. The average returns of portfolios independently sorted based on firm efficiency 
scores and another variable such as: Size, Book-to-Market ratio, or one of the five 
measures of arbitrage costs (IVOL, Price, Volume, ILLIQ, and Zerofreq) are reported.  
First, all firms in the sample are ranked and assigned to quintile portfolios based 
on their efficiency scores in June of each year t over the period 1996 – 2013. Second, 
independent of the efficiency rankings, firms are ranked each year in ascending order 
based on either Size, Book-to-Market ratio, or one of the five measures of arbitrage 
costs and then allocated into a quintile group based on this ranking. This procedure 
creates 25 portfolios comprised of firms with similar efficiency scores and other 
characteristics. The average monthly returns of these portfolios are reported in Table 
4.3. 
In Panel A, all stocks are allocated to 25 portfolios independently sorted based 
on firm efficiency scores and market value of equity (Size) at the end of June of each 
year. The results show that except for Quintile 1 (small firms), the INEFFICIENT 
portfolios tend to earn higher returns than EFFICIENT portfolios. The difference in 
returns between low and high efficiency portfolios is significantly high within the 
portfolios with big firms (Quintiles 3 and 4). 
Panel B reports the average returns of the portfolios double-sorted based on firm 
efficiency scores and Book-to-Market ratios (B/M). Unlike the portfolios sorted based 
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on firm efficiency and Size, there is no apparent return pattern among these portfolios. 
The INEFFICIENT portfolios appear to have higher returns than EFFICIENT 
portfolios in quintiles 1, 4, and 5 based on B/M ranking. However, the return spread 
between low and high efficiency portfolios is not statistically significantly different 
from zero. 
The average returns of portfolios double-sorted based on firm efficiency scores 
and five measures of arbitrage costs are reported in Panels C, D, E, F, and G. In Panel 
C, for each quintile of IVOL, monthly returns for the difference between the low and 
high efficient portfolios range from 0.68% to 3.08%. The results clearly show that the 
abnormal returns in INEFFICIENT portfolios are larger for a high IVOL quintile, 
3.08% for Quintile 5 compared to 0.68% for Quintile 1. As expected, the firm 
efficiency effect is particularly strong among high IVOL stocks (with a return spread 
of 3.08%). The concentration of efficiency anomaly in high idiosyncratic volatility 
stocks makes them risky and prevents risk-averse investors from taking arbitrage 
positions. Obviously, the firm IVOL maintains an important correlation with the firm 
efficiency effect. Therefore, Hypothesis 4.2, that the firm efficiency effect is stronger 
(weaker) for stocks with high (low) idiosyncratic volatility, is supported. 
Panel D reports the average monthly returns for portfolios double-sorted based 
on firm efficiency and Price. Once again, the results show that INEFFICIENT 
portfolios outperform EFFICIENT portfolios in all quintile of Price. Specifically, the 
firm efficiency effect is strongest for the lowest price portfolio (Quintile 1) with the 
return spread (difference between low and high efficiency portfolio) of 3.23%, while 
the efficiency effect in the highest price portfolio has a return spread of 2.70%. These 
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results support Hypothesis 4.1 (H4.1a) that the firm efficiency effect is stronger for 
stocks with lower Price, and vice versa. 
Similarly, stocks with low annual trading volume tend to carry high transaction 
costs and require higher returns. Therefore, in Panel E, although INEFFICIENT firms 
earn higher returns than EFFICIENT firms, the return difference between low and high 
efficiency portfolios is higher for the low volume portfolio (Quintile 1) compared to 
high volume portfolio (Quintile 5). The monthly returns for the efficiency spread 
portfolios (difference between low and high efficiency scores) range from 3.16% (in 
the lowest volume quintile) to 0.49% (in the highest volume quintile). These results 
support Hypothesis 4.1 (H4.1b) that the firm efficiency effect is stronger for stocks 
with lower Volume, and vice versa. 
Following Amihud (2002), the price impact measure (ILLIQ) is used as a proxy 
for market illiquidity. A stock with higher value of ILLIQ, which is considered less 
liquid, would require an excess return to compensate for the expected market 
illiquidity. In Panel F, for all quintile of stocks sorted based on ILLIQ, the return 
differences between low and high efficiency portfolios are positive, which is consistent 
with the previous findings that INEFFICIENT firms outperform EFFICIENT firms. 
The average returns for the efficiency spread range from 0.81% for the lowest ILLIQ 
quintile to 2.63% for the highest ILLIQ quintile. Therefore, the abnormal returns 
appear to be higher in the high ILLIQ quintile than in the low one, suggesting that firm 
efficiency effect is partially associated with the level of illiquidity of stocks. Thus, 
these results support Hypothesis 4.1 (H4.1c) in this chapter.  
In Panel G, the frequency of zero daily returns (Zerofreq) is employed as another 
measure of transaction cost in forming the 2-way sorted portfolios. A stock with more 
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frequent zero daily returns is considered to have higher transaction costs. Using a 
similar procedure as in Panel F, monthly returns of 25 portfolios are double-sorted 
based on firm efficiency scores and Zerofreq. Results in Panel G show that the return 
spread (i.e., the difference between low and high efficient portfolio returns) for low 
Zerofreq quintile (Quintile 1) is the lowest (1.03%). The return spread varies from 
1.03% for Quintile 1 to 2.29% for Quintile 5 based on the Zerofreq ranking. 
Interestingly, the average return of the efficiency spread portfolio is highest for 
Quintile 4 of the Zerofreq ranking with a value of 3.05% per month. These results also 
support Hypothesis 4.1 (H4.1d) that the firm efficiency effect is stronger for stocks 
with higher frequency of zero daily returns, and vice versa. 
In summary, Table 4.3 shows that INEFFICIENT firms outperform EFFICIENT 
firms in most of the portfolios double-sorted based on firm efficiency scores and other 
characteristic rankings. In particular, the firm efficiency effect tends to be stronger for 
firms with bigger Size, higher IVOL, higher ILLIQ, higher Zerofreq, lower Price, and 
lower Volume. These results support the two hypotheses, H4.1 and H4.2, that the firm 
efficiency effect on average stock returns is greater for stocks with high arbitrage costs, 
and vice versa. 
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Table 4.3: Returns for double-sorted portfolios based on firm efficiency and arbitrage cost measures  
This table reports the average monthly returns for equally-weighted portfolios of stocks formed at the end of June of year t from 1996 through 2013. Each panel 
presents the returns of the portfolios double-sorted based on firm efficiency scores at end of June of year t and one of the following variables: Size is the market 
value of equity at end of June of year t. B/M is the ratio of book value of equity at the end of June of fiscal year t – 1 divided by the market value of equity at the end 
of December of calendar year t – 1. IVOL is the idiosyncratic volatility which is calculated as the standard deviation of the residuals from a regression of daily 
returns on the ASX all ordinaries returns from July 1 through June 30 of the present year. Price is the closing price of common stocks at end of June of year t. 
Volume is the annual trading volume of a firm’s stocks ending in June of year t. ILLIQ is the average of the daily price impact measure over one year from July 1 
through June 30 of the present year. Zerofreq is the frequency of zero daily returns over one year ending in June of year t. *, **, and *** represent 10%, 5%, and 
1% statistical significance, respectively, for the test that the return spreads between Low and High efficient portfolios are different from zero. 
Panel A: Firm efficiency and Size sorts                                                              Efficiency scores  Spread 
  Low 2 3 4 High Low-High 
Size Small -0.05% -0.38% -0.75% -1.89% 0.22% -0.27% 
 2 -0.67% -0.92% -1.44% -1.74% -1.73% 1.05% 
 3 0.53% -1.03% -1.34% -1.77% -2.71% 3.24%*** 
 4 0.46% 0.05% -0.47% -1.58% -2.71% 3.17%*** 
 Big -0.37% 0.48% 0.40% -0.07% -2.02% 1.65%*** 
Panel B: Firm efficiency and B/M sorts 
  Low 2 3 4 High Low-High 
B/M Low -1.14% -1.54% -0.80% -1.75% -2.89% 1.75% 
 2 -1.06% -0.88% -1.77% -1.81% -0.94% -0.12% 
 3 -1.45% -1.44% -1.08% -0.67% 0.36% -1.81%* 
 4 -0.60% -0.59% -0.19% 0.41% -2.12% 1.52% 
 High 0.36% 0.45% -0.06% -1.22% -0.26% 0.62% 
Panel C: Firm efficiency and IVOL sorts 
  Low 2 3 4 High Low-High 
IVOL Low 1.03% 0.79% 0.32% 0.19% 0.34% 0.68%* 
 2 0.63% 0.11% -0.48% -0.90% -2.16% 2.78%*** 
 3 0.05% -0.46% -1.59% -2.23% -2.65% 2.70%*** 
 4 -0.06% -1.55% -2.29% -2.01% -2.75% 2.69%*** 
 High -0.73% -1.70% -1.50% -1.94% -3.81% 3.08%*** 
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Panel D: Firm efficiency and Price sorts 
  Low 2 3 4 High Low-High 
Price Low 0.34% -0.40% -1.22% -0.85% -2.90% 3.23%*** 
 2 -0.33% -1.18% -1.53% -1.80% -0.62% 0.29% 
 3 -0.20% -0.49% -1.11% -1.97% -2.90% 2.71%*** 
 4 -0.34% 0.04% -0.39% -1.27% -2.74% 2.40%*** 
 High 0.77% -0.52% -0.23% -0.25% -1.93% 2.70%*** 
Panel E: Firm efficiency and Volume sorts 
  Low 2 3 4 High Low-High 
Volume Low 0.51% 0.47% -0.73% -1.00% -2.65% 3.16%*** 
 2 -0.09% -0.64% -0.98% -1.34% -2.41% 2.32%*** 
 3 -0.41% -1.54% -1.03% -1.67% -2.82% 2.41%*** 
 4 -0.56% -1.13% -1.19% -2.04% -3.38% 2.82%*** 
 High -0.41% -0.37% -0.46% -0.39% -0.90% 0.49% 
Panel F: Firm efficiency and Price impact measure (ILLIQ) sorts 
  Low 2 3 4 High Low-High 
ILLIQ Low 0.05% -0.25% -0.42% -0.35% -0.75% 0.81% 
 2 -0.44% -0.65% -1.28% -1.88% -3.06% 2.62%*** 
 3 -0.66% -1.03% -1.18% -2.13% -2.76% 2.11%*** 
 4 0.15% -0.98% -1.11% -1.41% -2.79% 2.94%*** 
 High 0.23% -0.15% -1.02% -1.20% -2.40% 2.63%*** 
Panel G: Firm efficiency and Zerofreq sorts 
  Low 2 3 4 High Low-High 
Zerofreq Low 0.81% 0.38% 0.31% -0.14% -0.22% 1.03%*** 
 2 -0.79% -1.21% -1.83% -1.67% -2.88% 2.09%*** 
 3 -0.97% -1.09% -1.20% -1.74% -3.27% 2.30%*** 
 4 -0.13% -1.36% -0.99% -1.76% -3.18% 3.05%*** 
 High 0.49% 0.33% -1.51% -1.10% -1.79% 2.29%*** 
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4.5.4 Fama – MacBeth cross-sectional regressions of stock returns 
In this section, the role of arbitrage costs on the relationship between firm 
efficiency and stock returns is examined under a cross-sectional framework. These 
results reassure the portfolio return tests and provide further evidence on the 
interaction between firm efficiency effect and arbitrage costs. The effect of arbitrage 
costs on stock returns is first investigated and the results are reported in Table 4.4. 
Following that, the role of arbitrage costs on firm efficiency effect is examined and the 
results are reported in Table 4.5. Specifically, the interaction terms between firm 
efficiency and arbitrage cost proxies are included in each model of Table 4.5. 
In Table 4.4, applying Fama and MacBeth (1973) cross-sectional regressions, 
monthly stock returns are regressed against each measure of arbitrage costs in the 
univariate analysis (Panel A) and multivariate analysis where other firm characteristics 
are included as control variables (Panel B). The univariate analysis shows that among 
five arbitrage cost proxies, IVOL has a statistically significant power in predicting 
average stock returns. The average slope on IVOL is -0.52 and significant with a t-
statistic of -3.63 (Panel A). The other four transaction cost proxies do not show any 
significant explanatory power on stock returns in the univariate regressions (Panel 
A).27 
In Panel B, the relationship between arbitrage costs and average stock returns is 
investigated after controlling for other firm characteristics, such as: Ln(Size), Ln(B/M) 
and efficiency scores. The average coefficients of each cross-sectional regression are 
reported together with their time-series t-statistics in the immediate row below. 
                                                          
27 In Lipson et al. (2011), they explain that since the magnitude of some transaction costs is much smaller 
than the returns, empirical tests on the explanatory power of these costs on stock returns may not provide 
apparent results. 
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Henceforth, the order of each row, which is mentioned in the following discussion, 
only refers to the row of coefficients of each model. Especially, in the last model (the 
last row of Panel B), all measures of arbitrage costs are included in the model. By 
doing this, it is expected to obtain a better result for the IVOL in representing the effect 
of arbitrage risk, following Ali et al. (2003).  
In the second row, the result shows that stocks with high arbitrage risk are 
associated with low returns. The coefficient on IVOL is -0.566 and statistically 
significant with a t-statistic of -4.44. As expected, stocks with high trading volume are 
considered to have low transaction costs and, therefore, require lower returns. The 
coefficient on Volume is -0.003 and statistically significant with a t-statistic of -2.73 
(the fourth row). The other proxies of transaction costs, including Price, ILLIQ, and 
Zerofreq, do not show statistically explanatory power on average stock returns (the 
last three rows). Although the coefficients on ILLIQ and Zerofreq have an expected 
positive sign, suggesting higher required returns for more illiquidity stocks, they are 
not statistically significant. In the last row of Panel B, when all measures of arbitrage 
costs are included, IVOL and Volume still present a negative and significant 
relationship with average stock returns. Especially, in these models, firm efficiency 
shows a consistent negative effect on the cross-section of stock returns, which suggests 
the firm efficiency effect exists even after controlling for arbitrage cost measures. 
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Table 4.4: Cross-sectional regressions of monthly stock returns on Size, B/M, Efficiency scores, and various 
measures of arbitrage costs 
This table reports the Fama and MacBeth (1973) cross-sectional regressions of monthly stock returns on Ln(Size), 
Ln(B/M), firm efficiency scores and various measures of arbitrage costs over the period from 1996 to 2013. Size 
is the market value of equity at end of June of year t. B/M is the ratio of book value of equity at the end of June 
of fiscal year t – 1 divided by the market value of equity at the end of December of calendar year t – 1. IVOL is 
the idiosyncratic volatility which is calculated as the standard deviation of the residuals from a regression of daily 
returns on the ASX all ordinaries returns from July 1 through June 30 of the present year. Price is the closing price 
of common stocks at end of June of year t. Volume is the annual trading volume of a firm’s stocks ending in June 
of year t. ILLIQ is the average of the daily price impact measure over one year from July 1 through June 30 of 
the present year. Zerofreq is the frequency of zero daily returns over one year ending in June of year t. Coefficient 
estimates are time-series averages of cross-sectional regression coefficients, obtained from monthly regressions; 
t-statistics are reported in parentheses. *, **, and *** represent significance at the 10%, 5%, and 1% levels, 
respectively. 
Size Ln(B/M) Efficiency IVOL Price Ln(Volume) ILLIQ Zerofreq 
Panel A: Univariate Regressions 
-0.002*** 0.009*** -0.163*** -0.520*** 0.000 -0.000 2.154 -0.006 
(-2.63) (9.55) (-9.06) (-3.63) (0.01) (-0.22) (0.31) (-0.79) 
Panel B: Multivariate Regressions 
0.001 0.007*** -0.071**      
(1.01) (4.35) (-1.98)      
-0.001* 0.002 -0.077** -0.566***     
(-1.85) (1.45) (-2.38) (-4.44)     
0.002 0.005*** -0.078**  0.000    
(1.56) (3.23) (-2.19)  (0.52)    
0.005** 0.006*** -0.094***   -0.003***   
(2.50) (3.70) (-2.65)   (-2.73)   
0.002 0.005*** -0.077**    4.523  
(1.61) (3.40) (-2.19)    (0.86)  
0.003** 0.005*** -0.081**     0.007 
(2.17) (3.79) (-2.32)     (1.40) 
0.001 0.002* -0.094*** -0.584*** -0.000 -0.002* 7.762 0.006 
(0.75) (1.80) (-2.95) (-4.96) (-0.47) (-1.72) (1.59) (1.20) 
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In Table 4.5, the interaction terms between firm efficiency scores and arbitrage 
cost measures are included to examine whether the firm efficiency effect is explained 
by arbitrage costs. In models 1–5, each arbitrage cost proxy and its interaction variable 
with firm efficiency is included in order to examine the incremental role of each 
arbitrage cost. The results show that in model 1, the coefficient on EFF*IVOL is 
negative and significant (-1.648, t-statistic = -2.60), suggesting that IVOL contributes 
to the efficiency anomaly. That means the negative effect of firm efficiency on stock 
returns increases in stocks with higher IVOL which supports Hypothesis 4.2. 
However, in this model, both individual EFF and IVOL become insignificant, which 
suggests the efficiency effect and arbitrage risk exist in combination with each other. 
In model 3, Ln(Volume) is regressed on monthly stock returns. The average coefficient 
on this variable is negative and significant (-0.011, t-statistic = -2.55) which indicates 
that stocks with higher trading volume will earn, on average, lower returns. Moreover, 
the coefficient on EFF*Ln(Volume) is positive and significant (0.016, t-statistic = 
2.04), suggesting that the efficiency effect tends to diminish when the trading volume 
of these stocks increases. In other words, the abnormal returns between INEFFICIENT 
firms and EFFICIENT firms are concentrated in stocks with lower trading volume, 
presenting higher transaction costs. These results support Hypothesis 4.1 (H4.1b) that 
the relationship between firm efficiency effect and average stock returns is stronger 
(weaker) for stocks with lower (higher) trading volume. 
In model 2, the interaction between Price and firm efficiency is positive but not 
statistically significant (0.001, t-statistic = 0.93). The positive sign on the interaction 
term suggests that the negative effect of firm efficiency on stock returns reduces with 
the increase in stock prices. However, it is statistically insignificant because the return 
anomaly of firm efficiency effect may not necessary cluster in the lowest price stocks. 
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Similar to Price, the coefficients on ILLIQ and its interaction with firm efficiency are 
insignificant (model 4), whereas the coefficients on Zerofreq and its interaction term 
with firm efficiency are almost equal to zero (model 5). Thus, these three proxies of 
arbitrage costs (Price, ILLIQ, and Zerofreq) do not show any explanatory power for 
the firm efficiency effect. Therefore, these results do not support Hypotheses H4.1a, 
H4.1c, and H4.1d in this chapter. 
The results from both univariate and multivariate regressions suggest that IVOL 
is not only related to monthly stock returns but also has a strong association with the 
firm efficiency effect. Therefore, in order to further investigate the role of IVOL, from 
models 6 – 9, IVOL and its interaction term with firm efficiency are examined while 
each of the  measures of transaction costs are included in these models. Particularly, 
in model 10, all the measures of transaction costs as well as their interactions with firm 
efficiency are included together with IVOL. 
In model 6, the coefficient on EFF*IVOL remains negative and significant (-
1.619, t-statistic = -2.46). After controlling for IVOL, the coefficients on Price and its 
interaction term with firm efficiency scores become significant. As expected, stocks 
with higher price appear to have lower returns. In addition, the coefficient on 
EFF*Price is positive (0.002) and significant, with a t-statistic of 1.89, suggesting that 
the negative returns to the firm efficiency strategy diminish with higher stock prices. 
These results support Hypothesis H4.1a in this chapter. In model 7, the coefficient on 
Ln(Volume) is negative (-0.008) and marginally significant, with a t-statistic of -1.72. 
However, the coefficient on EFF*Ln(Volume) becomes insignificant (t-statistic = 
1.21) after IVOL is included. In these models (6–10), the ILLIQ and Zerofreq proxies 
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do not show any statistical explanatory power on stock returns as well as the firm 
efficiency effect. 
In model 10, only IVOL shows a relation with the firm efficiency effect. After 
controlling for the other arbitrage cost measures, the coefficient on EFF*IVOL 
remains negative and significant (-1.865, t-statistic = -2.55). This result reconfirms that 
IVOL contributes to the firm efficiency effect. Therefore, among five measures of 
arbitrage costs, IVOL plays an important role in explaining the firm efficiency effect 
on the cross-section of stock returns. In summary, the above results support Hypothesis 
4.2 that the association between firm efficiency effect and average stock returns is 
stronger (weaker) for stocks with high (low) idiosyncratic volatility. There is little 
evidence to support the Hypotheses H4.1a and H4.1b for the role of Price and Volume, 
as proxies of arbitrage costs in explaining the firm efficiency effect. However, no 
evidence is found for the role of ILLIQ and Zerofreq in the analyses. 
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Table 4.5: Interaction between the measures of arbitrage costs and firm efficiency scores 
This table reports the Fama and MacBeth (1973) cross-sectional regressions of monthly stock returns on Ln(Size), Ln(B/M), firm efficiency scores and various measures of 
arbitrage costs over the period from 1996 to 2013. In particular, the interaction terms between the measures of arbitrage costs and firm efficiency scores are included in these 
models (models 1 – 10). Size is the market value of equity at end of June of year t. B/M is the ratio of book value of equity at the end of June of fiscal year t – 1 divided by 
the market value of equity at the end of December of calendar year t – 1. IVOL is the idiosyncratic volatility which is calculated as the standard deviation of the residuals 
from a regression of daily returns on the ASX all ordinaries returns from July 1 through June 30 of the present year. Price is the closing price of common stocks at end of 
June of year t. Volume is the annual trading volume of a firm’s stocks ending in June of year t. ILLIQ is the average of the daily price impact measure over one year from 
July 1 through June 30 of the present year. Zerofreq is the frequency of zero daily returns over one year ending in June of year t. Coefficient estimates are time-series averages 
of cross-sectional regression coefficients, obtained from monthly regressions; t-statistics are reported in parentheses. *, **, and *** represent significance at the 10%, 5%, 
and 1% levels, respectively. 
Variables MODEL1 MODEL2 MODEL3 MODEL4 MODEL5 MODEL6 MODEL7 MODEL8 MODEL9 MODEL10 
Intercept 0.039* 0.000 -0.019 -0.002 -0.031 0.041* 0.027 0.035 0.022 0.015 
. (1.82) (0.01) (-0.56) (-0.10) (-1.30) (1.75) (0.83) (1.64) (1.05) (0.41) 
Size -0.002** 0.002 0.005** 0.002* 0.002* -0.002* 0.001 -0.002* -0.001 0.001 
. (-2.16) (1.55) (2.32) (1.72) (1.92) (-1.90) (0.41) (-1.87) (-1.13) (0.94) 
Ln(B/M) 0.002 0.005*** 0.006*** 0.005*** 0.005*** 0.002 0.003** 0.002 0.002* 0.002 
. (1.40) (3.22) (3.89) (3.37) (3.71) (1.22) (2.03) (1.37) (1.68) (1.63) 
Efficiency scores 0.008 -0.080** -0.123*** -0.084** -0.035 0.002 -0.037 0.007 0.003 -0.037 
. (0.17) (-2.26) (-3.26) (-2.37) (-0.87) (0.05) (-0.69) (0.16) (0.06) (-0.60) 
IVOL 0.252     0.215 0.136 0.329 0.164 0.282 
. (0.71)     (0.57) (0.37) (0.91) (0.43) (0.75) 
EFF*IVOL -1.648***     -1.619** -1.469** -1.838*** -1.570** -1.865** 
. (-2.60)     (-2.46) (-2.03) (-2.84) (-2.22) (-2.55) 
Price  -0.001    -0.001*    -0.001 
.  (-0.74)    (-1.77)    (-1.47) 
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EFF*Price  0.001    0.002*    0.002 
.  (0.93)    (1.89)    (1.42) 
Ln(Volume)   -0.011**    -0.008*   -0.007 
.   (-2.55)    (-1.72)   (-1.49) 
EFF* Ln(Volume)   0.016**    0.010   0.010 
.   (2.04)    (1.21)   (1.07) 
ILLIQ    -94.566    -101.94  -94.153 
.    (-1.08)    (-1.13)  (-1.08) 
EFF*ILLIQ    244.466    284.013  267.559 
.    (1.14)    (1.27)  (1.23) 
Zerofreq     0.000**    0.000 0.000 
.     (2.47)    (0.96) (0.13) 
EFF*Zerofreq     -0.000**    -0.000 -0.000 
.     (-2.22)    (-0.39) (-0.08) 
Adj. R-squared 0.045*** 0.032*** 0.038*** 0.037*** 0.034*** 0.045*** 0.050*** 0.050*** 0.048*** 0.055*** 
. (9.15) (8.43) (9.57) (9.91) (8.92) (8.92) (9.98) (10.13) (9.60) (10.62) 
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4.6 CONCLUSIONS 
In Chapter 2, firm efficiency is proved to have a negative relationship with the 
cross-section of stock returns, consistent with Nguyen and Swanson’s (2009) findings 
for the U.S. market. However, there is no evidence that firm efficiency is a priced risk 
factor in the Australian market. Given that INEFFICIENT firms carry such a high 
return premium, they would attract the attention of arbitrageurs. According to Fama 
(1970), in an efficient market, arbitrageurs can trade these stocks until they reach the 
fair value to gain profits. However, the efficiency anomaly still exists in equilibrium. 
Hence, the arbitrage costs may prevent investors from taking advantage of the firm 
efficiency effect. Therefore, this chapter examines whether arbitrage costs play an 
important role in explaining the relationship between firm efficiency and the cross-
section of stock returns in the Australian market. 
Forming double-sorted portfolios based on efficiency scores and each one of the 
five arbitrage proxies, the average monthly returns of these portfolios as well as the 
differences between low and high efficient portfolios are reported. The results show 
that the returns of these double-sorted portfolios are higher for INEFFICIENT firms. 
Especially, the efficiency anomaly is concentrated in firms with bigger Size, higher 
IVOL, higher ILLIQ, higher Zerofreq, lower Price, and lower Volume. These results 
are consistent with the two hypotheses. 
In the Fama – MacBeth (1973) cross-sectional regressions, only IVOL has a 
statistically significant relation to monthly stock returns in the univariate analysis. 
After controlling for arbitrage cost proxies, firm efficiency effect still exists and has a 
negative impact on the cross-section of stock returns. Specifically, the interaction 
terms between firm efficiency and each measure of arbitrage costs are included in these 
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models to investigate the link between these costs and the firm efficiency effect. The 
results show that the firm efficiency effect, to some extent, is related to Price and 
Volume of a stock, which partially supports Hypothesis 4.1 for the role of transaction 
costs. However, on the whole, the results indicate that only idiosyncratic volatility 
consistently exhibits an ability to explain the efficiency anomaly.  
In summary, arbitrage costs are necessary for the firm efficiency effect to 
persist. Among the five proxies of arbitrage costs, idiosyncratic volatility appears to 
be the strongest indicator and acts as an important driver of the firm efficiency effect, 
which supports the second hypothesis (H4.2) in this chapter. These results contribute 
to the explanation for the efficiency premium being beyond risk and more relevant to 
mispricing. 
The results in Chapter 4 support the view that firm efficiency effect is due to 
market mispricing. However, there might be other reasons. For example, firm 
efficiency premium may be subsumed. Otherwise, firm efficiency is known ex-ante 
and easily predicted and incorporated in the information set of investors. Therefore, 
these findings raise a question for future research: “Are there other mechanisms 
through which firm efficiency affects stock returns?” Prior studies (e.g., Daniel et al. 
2002) argue that investors’ psychology and behaviour are also sources of market 
mispricing. In particular, an investigation of the relationship between limited attention 
or investor overconfidence and firm efficiency effect on stock returns is another 
research direction. In addition, it is also possible to examine the role of noise trading 
and/or shareholder sophistication in explaining the firm efficiency effect. These 
investigations will provide a broader picture and a better understanding of the precise 
mechanisms that link these phenomena. We leave these issues for future research. 
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CHAPTER 5: CONCLUSIONS 
5.1 OVERVIEW AND SUMMARY OF THE FINDINGS 
This thesis has conducted a comprehensive investigation of issues related to the 
firm efficiency effect on the cross-section of expected stock returns on the ASX. This 
chapter presents a summary of the main findings, implications and contributions of the 
studies, and provides directions for future research. 
The first empirical essay, presented in Chapter 2, investigates the relationship 
between firm efficiency and the cross-section of stock returns. The concept of firm 
efficiency is used throughout the thesis and efficiency scores are estimated using the 
SFA method. Overall, the results provide strong evidence for a negative relationship 
between the level of firm efficiency and average stock returns. To obtain robust results, 
the study considers several tests including the portfolio returns tests, the Fama – 
MacBeth cross-sectional regressions, and Carhart’s (1997) four-factor model. 
Specifically, the common two-stage cross-sectional regressions are implemented to 
explore whether firm efficiency is priced in the Australian market. For all quintile 
portfolios sorted based on efficiency scores, the INEFFICIENT firms significantly 
outperform the EFFICIENT firms. The average monthly excess returns of the 
INEFFICIENT portfolios are significantly higher than those of the EFFICIENT 
portfolios. These results are consistent with the risk-return trade-off theory that 
INEFFICIENT firms require higher returns to compensate for their higher risk 
exposure. In the Carhart’s (1997) four-factor model, the returns on the SPREAD 
portfolios remain significant after controlling for exposures to the market, firm size, 
Book-to-Market, and Momentum factors. In addition, this study provides evidence that 
the level of firm efficiency is significant in explaining average stock returns in the 
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Fama and MacBeth (1973) cross-sectional regressions. The efficiency effect still 
persists even after other firm characteristics, such as Size and Book-to-Market, are 
taken into account. Finally, the results in the two-stage cross-sectional regressions do 
not support the hypothesis that firm efficiency is a separate risk factor in the Australian 
market. These findings suggest that the firm efficiency effect is more related to 
mispricing.  
The second essay, presented in Chapter 3, investigates the relationship between 
industry concentration and average stock returns for all listed firms on the ASX over 
the 1995 – 2013 period. More importantly, this chapter examines the joint effect 
between industry concentration and firm efficiency in explaining the cross-section of 
average stock returns in the Australian market. In contrast to Hou and Robinson’s 
(2006) findings for the U.S. market, this chapter documents a positive relationship 
between industry concentration and average stock returns in the Australian market. 
Specifically, firms in more concentrated industries, on average, earn higher returns 
than firms in more competitive industries. Industry concentration also shows a positive 
relationship with average stock returns, even after controlling for Size, Book-to-
Market and Efficiency scores in the Fama and MacBeth (1973) cross-sectional 
regressions. This chapter focuses on investigating the joint effect of industry 
concentration and firm efficiency on average stock returns. The results support the 
view that both efficiency and market concentration are at work simultaneously. 
Specifically, the four-corner portfolios show that firms in the lowest efficiency and 
highest concentration portfolio earn highest abnormal returns, while firms in the 
highest efficiency and highest concentration portfolio earn lowest abnormal returns. 
Industry concentration is found to be more related to average stock returns at the 
industry-level while the efficiency effect is proved to be stronger at firm-level 
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regressions. Efficiency appears to be an attribute of a firm, whereas market 
concentration is that of an industry which, potentially, is why firm efficiency relates 
more to firm earnings while industry concentration is associated more with market 
shares in the analysis. This chapter also analyses the dynamic relation between firm 
efficiency and industry concentration using the VAR procedure. At the firm-level 
VAR, the results show that there is no relationship between firm efficiency and 
industry concentration at one lag, which supports the S/C/P paradigm of a random 
concentration effect. Nonetheless, at the industry-level VAR, an industry with more 
EFFICIENT firms tends to become more concentrated in the subsequent year of the 
analysis. Overall, the findings of this study imply that industry concentration and firm 
efficiency have separate effects on average stock returns. 
The third essay, presented in Chapter 4, examines whether the firm efficiency 
effect on stock returns is associated with arbitrage costs in the Australian market. In 
this chapter, various measures of transaction costs and idiosyncratic volatility are 
employed as proxies for arbitrage costs. Clearly, the findings of this chapter suggest 
that risk cannot fully explain the firm efficiency effect, instead, the link between this 
effect and arbitrage costs is more consistent with the mispricing explanation. 
Specifically, the results show that the returns of double-sorted portfolios based on 
efficiency scores and either one of the five arbitrage proxies are higher for 
INEFFICIENT firms. In particular, the efficiency anomaly is concentrated in firms 
with bigger Size, higher IVOL, higher ILLIQ, higher Zerofreq, lower Price, and lower 
Volume. In the Fama – MacBeth (1973) cross-sectional regressions, only IVOL has a 
statistically significant relation to monthly stock returns in the univariate analysis. To 
some extent, the results show that firm efficiency effect is related to Price and Volume, 
which are two proxies of transaction costs. However, overall, this study indicates that 
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only idiosyncratic volatility consistently exhibits an ability to explain the efficiency 
anomaly. In summary, arbitrage costs are necessary for the firm efficiency effect to 
persist. Among the five proxies of arbitrage costs, idiosyncratic volatility appears to 
be the strongest indicator and acts as an important driver of the firm efficiency effect. 
These results contribute to the explanation for the efficiency premium being beyond 
risk and more relevant to mispricing. 
5.2 IMPLICATIONS AND CONTRIBUTIONS OF THE STUDIES 
The findings of this thesis make a substantial contribution to the existing 
literature.  Overall, the results support a negative relationship between firm efficiency 
and the cross-section of average stock returns in the Australian market. In particular, 
this thesis explores whether the firm efficiency effect is more consistent with a risk or 
mispricing-based explanation. In Chapter 2, the Stochastic Frontier Approach (SFA) 
is employed to estimate firm efficiency scores, which is considered as a superior firm 
performance measure compared to the traditional financial ratios (see, for instance, 
Berger & Humphrey 1997; Bauer et al. 1998; Gaganis et al. 2013). As far as it could 
be ascertained, this thesis is the first study that examines the direct link between firm 
efficiency and average stock returns for non-financial firms in the Australian market. 
Furthermore, this thesis is different from Nguyen and Swanson (2009) and Frijns et al. 
(2012) in using the common two-stage cross-sectional regression method to further 
investigate whether firm efficiency is a priced risk factor. The risk-based explanation 
for the firm efficiency effect is investigated using both time-series and cross-sectional 
regressions, which are shown as appropriate methods for asset pricing tests in the 
finance literature. The findings of this thesis point out that although having a robust 
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relationship with stock returns, firm efficiency is not a priced risk factor in the 
Australian market.  
In addition, the firm efficiency effect is examined in conjunction with industry 
concentration to explore whether they are two independent determinants of expected 
stock returns. In Chapter 3, this thesis provides evidence on the relationship between 
industry concentration and average stock returns in the Australian market. First, this 
study reconfirms the preliminary results in Gallagher et al. (2014) by using a more up-
to-date and longer sample period (1995 – 2013) to test the effect of industry 
concentration on stock returns. Moreover, this thesis provides empirical results for 
both equally-weighted and value-weighted portfolio returns tests as well as the Fama 
– MacBeth cross-sectional regressions. More importantly, this thesis contributes to the 
current debate regarding whether industry concentration and firm efficiency are two 
independent determinants of stock returns. This thesis differs from prior studies (see, 
for instance, Hou & Robinson 2006; Nguyen & Swanson 2009; Gallagher et al. 2014) 
by examining the two effects simultaneously. In doing so, this study shows how 
differently the two effects relate to the cross-section of stock returns. Several tests are 
conducted at both industry-level and firm-level to provide comprehensive and robust 
results.   
Moreover, Chapter 3 also analyses the dynamic relationship between industry 
concentration and firm efficiency using the vector autoregressive (VAR) procedure. 
Specifically, this study explores the mutual effects among industry concentration, firm 
efficiency, profitability and stock returns over time. This study has disentangled and 
reconciled the difference between the S/C/P and efficiency paradigms. In fact, the 
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results show that if there is a correlation between industry concentration and firm 
efficiency, it can only be realized after a certain period of time.  
Chapter 4 of this thesis contributes to the literature by examining the role of 
arbitrage costs in explaining the firm efficiency effect. While transaction costs are 
well-known as limits-to-arbitrage, such investigation on holding costs (i.e., 
idiosyncratic volatility) is less voluminous and sometimes misunderstood. Therefore, 
this research contributes to the growing literature on the role of arbitrage costs, 
specifically idiosyncratic volatility, in preventing traders from eliminating mispricing 
on the stock markets.  
In summary, this thesis provides a comprehensive explanation for the firm 
efficiency effect by examining both mispricing and risk-based explanations. By doing 
so, this thesis has recognized and resolved the limitation of prior studies which often 
discriminate between the mispricing and risk-based explanation. The results of this 
thesis provide insights into the channels through which operating efficiency affects 
average stock returns. 
This thesis also has important implications for researchers, firm managers, 
investors, security analysts, and regulators on the ASX. First, one implication for 
investors and firm managers is that the level of operating efficiency of a firm 
determines firm values, which, in turn, affects stock returns on the market. Therefore, 
the ways a firm uses its resources to produce outputs significantly affect decisions of 
investors in pricing the firm’s shares on the market. Second, both industry 
concentration and firm efficiency have independent effects on stock returns. This 
implies that managers should develop strategies based not only on industry structures 
but also on firm resources to gain profit and sustain competitive advantage. Third, the 
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results in Chapter 4 suggest that the firm efficiency effect is more likely due to 
mispricing. In other words, the efficiency anomaly exists because investors 
overestimate the past gains of EFFICIENCY firms and pay higher for these firms than 
the INEFFICIENT ones. These findings provide insights into the efficiency effect that 
help investors to price those stocks properly and make better investment decisions. 
Further, another implication for fund managers is that idiosyncratic volatility 
associated with INEFFICIENT firms is particularly high when the holding period is 
longer. Therefore, caution should be exercised in their long-run investment strategies. 
Regulators and policy makers would be interested in the relationship between firm 
efficiency and stock returns to monitor the trading activities and to interfere in the 
market when necessary. Given that firm efficiency has an explanatory power in 
explaining the cross-section of stock returns, researchers should also take into 
consideration this effect when conducting future research in the asset pricing area. 
5.3 LIMITATIONS AND DIRECTIONS FOR FUTURE RESEARCH 
Similar to prior asset pricing studies, the availability of accounting data, 
including the coverage of stocks in the cross-section and the time period of sample 
data, might be an issue when using Australian data. This issue has been overcome and 
the results have become more plausible in recent years when the accounting data is 
more available. For this reason, future research will benefit from it and be able to 
follow a number of areas that the findings of this thesis suggest.  
First, this thesis investigates the effect of relative firm efficiency on stock returns 
for all non-financial firms listed on the ASX. The Tobin’s Q or the Market-to-Book 
ratio is used as a proxy for firm values. The level of efficiency of these firms is 
measured by how successfully they are valued on the stock markets. Looking in depth 
149 
 
into each individual industry is beyond the scope of the current study. However, it is 
worth studying the relationship between firm efficiency and stock returns of some 
major industries since those firms may attract more attention from investors and are 
valued significantly higher on the stock exchange. Moreover, Novy-Marx (2009) 
argues that the Book-to-Market effect appears to be driven by intra-industry 
differences in firms’ production efficiencies. Therefore, a direction for future research 
is to investigate the relationship between firm efficiency and expected stock returns 
within an industry. 
Second, in Chapter 3, this thesis examines the joint effect of industry 
concentration and firm efficiency on stock returns. In their study, Hou and Robinson 
(2006) argue that the industry concentration premium is sensitive to business cycles. 
Moreover, Hoberg and Phillips (2010) show that product market competition affects 
firm cash flows and stock returns differently in industry booms and busts. They argue 
that the variation in real and financial cycles of booms and busts leads to changes in 
risk, which, in turn, affects a firm’s operating performance and future abnormal 
returns. Therefore, investigating the firm efficiency effect and its interaction with 
industry concentration on expected stock returns during these periods is a potential 
direction for future research. 
Finally, the results in Chapter 4 support the role of arbitrage costs in explaining 
the firm efficiency effect. Beyond the risk-based explanation, these findings raise a 
question for future research: “Are there other mechanisms through which firm 
efficiency affects stock returns?”  Prior studies (e.g., Daniel et al. 2002) argue that 
investors’ psychology and behaviour are also sources of market mispricing. In 
particular, an investigation of the relationship between limited attention or investor 
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overconfidence and firm efficiency effect on stock returns is another research 
direction. In addition, it is also possible to examine the role of noise trading and/or 
shareholder sophistication in explaining the firm efficiency effect. These 
investigations will provide a broader picture and a better understanding of the precise 
mechanisms that link these phenomena. These issues are prospective avenues for 
future research. 
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APPENDIX 
Appendix: Robustness test for the two-lag firm-level and industry-level VAR 
This table reports the coefficient matrix of the two-lag firm-level and industry-level VAR analysis. A vector of four state variables are examined including RET, HERF, EFF, and 
ROE. RET is the log of stock return, HERF is the Herfindahl index, EFF is the efficiency score, and ROE is the log of return on equity. For each cross-section, each of the state 
variables is regressed against the lag of the other variables and its own lag. Average parameter values are time-series averages; t-statistics are reported in parentheses. *, **, and 
*** represent significance at the 10%, 5%, and 1% levels, respectively. 
Panel A: Firm – level VAR 
 RET(t-1) RET(t-2) HERF(t-1) HERF(t-2) EFF(t-1) EFF(t-2) ROE(t-1) ROE(t-2) 
         
RET 0.263*** -0.090*** -0.187 0.265** -0.344 0.326 0.205 -0.167 
 ( 11.45) (-3.91) (-1.48) ( 2.10) (-1.23) ( 1.17) ( 0.53) (-0.42) 
HERF -0.012*** 0.003 -0.036 0.000 -0.005 -0.080 0.122* -0.127* 
 (-2.78) ( 0.63) (-1.54) (-0.002) (-0.10) (-1.58) ( 1.74) (-1.79) 
EFF 0.005*** -0.003 -0.012 0.012 0.035 0.075*** 0.028 -0.009 
 ( 2.79) (-1.51) (-1.14) ( 1.13) ( 1.49) ( 3.27) ( 0.86) (-0.27) 
ROE 0.007*** -0.002 -0.009 -0.003 -0.028* 0.000 1.723*** -0.713*** 
 ( 5.12) (-1.55) (-1.14) (-0.36) (-1.67) (-0.02) ( 75.94) (-30.97) 
Panel B: Industry – level VAR 
 RET(t-1) RET(t-2) HERF(t-1) HERF(t-2) EFF(t-1) EFF(t-2) ROE(t-1) ROE(t-2) 
         
RET 0.995*** -0.005 0.001 0.003 0.012 -0.014 0.002 0.002 
 ( 38.21) (-0.18) ( 0.23) ( 0.58) ( 0.04) (-0.05) ( 0.11) ( 0.10) 
HERF -0.141 0.096 0.466*** 0.349*** -1.463 1.868* 0.239*** -0.260*** 
 (-1.30) ( 0.88) ( 21.53) ( 16.16) (-1.47) ( 1.88) ( 2.87) (-3.12) 
EFF 0.000 0.000 0.000 0.000 0.988*** -0.004 0.000 -0.001 
 ( 0.10) ( 0.12) (-0.45) ( 0.78) ( 36.10) (-0.14) ( 0.07) (-0.29) 
ROE 0.002 0.005 -0.011 0.002 -0.071 0.053 0.997*** -0.011 
 ( 0.06) ( 0.14) (-1.50) ( 0.30) (-0.20) ( 0.15) ( 34.00) (-0.37) 
 
